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Abstract

In this thesis, multicell coordination for wireless cellular networks is studied, whereby

various approaches have been conducted to tackle this issue.

Firstly, the coverage probability and effective capacity in downlink multiple-input
multiple-output (MIMO) cellular system are considered. Two scenarios are inves-
tigated; in the first scenario, it is assumed that the system employs distance-based
fractional power control with no multicell coordination. For the second scenario, it
is assumed that the system implements multicell coordinated beamforming so as to
cancel inter-cell interference. The base stations (BS) are modelled as randomly uni-
formly distributed in the area according to Poisson point process (PPP). Using tools
from stochastic geometry, tractable, analytical expressions for coverage probability

and effective capacity are derived for both scenarios.

Secondly, an adaptive strategy for inter-cell interference cancellation and coordina-
tion is proposed for downlink multicarrier cellular random networks. The adaptive
strategy coordinates and cancels the interference on the both frequency and spatial
domains. Based on this adaptive strategy, two interference management schemes
have been proposed. The adaptation process is implemented based on measured
instantaneous signal-to-interference and noise ratio (SINR) of the considered user.
Furthermore, the locations of base stations BSs are modelled as an independent spa-
tial PPP. Using tools from stochastic geometry, the proposed schemes have been
analytically evaluated. Analytical expressions for coverage probability are derived for
both schemes. In addition, an expression for average rate has been derived using the

coverage probability analysis.

Thirdly, low complexity algorithms for user scheduling have been proposed for co-
ordinated MIMO multicell network. The algorithms consist of two stages: multicell
scheduling stage and precoding stage. The algorithm works on sequential distribu-
tive manner. Two variants of multicell scheduling are proposed. The first algorithm
has less complexity but leads to more difference in sum rate among cells. While the

second algorithm results in better fairness in terms of system performance but causes



frequent signalling among the cells. Moreover, the algorithm is extended to multi-
mode selection in addition to the user selection.

Finally, an adaptive coordination scheme for energy-efficient resource allocation has
been developed for orthogonal frequency division multiple access (OFDMA) cellular
networks. The proposed scheme consists of centralised and distributed stages for al-
locating resources to cell-edge and cell-centre users, respectively. The optimisation
problems are formulated as integer linear fractional and integer linear problems for
the first stage and second stages, respectively. The spectral-energy trade-off is anal-
ysed under the constraint of fairness among users. In summary, the research work
presented in this thesis reveals statistical approach to analyse the multicell coordi-
nation in random cellular networks. It also offers insight into the resource allocation
and scheduling problems within multicell coordination framework, and how to solve

them with a certain objective.
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Chapter 1

Introduction

1.1 Problem Statement

Wireless communication technology has become indispensable part of our life. It al-
lows people to communicate with each other anywhere at any time, and affords us the
possibility of accessing email, browsing, and digital resources, not to mention many
others. Thus, it penetrates almost all our life aspects. During the last decades, wire-
less communication witnessed a rapid growth owing to its dramatic success of cellular
technology. From its conventional functionality of voice service, text messaging, to
the recent services such as multimedia and Internet applications, wireless communica-
tion has occupied a central place in computing and communication technology. The
evolution process in wireless technology creates an expectation of universal seamless
connectivity with high speed transmission anywhere at any time. With such increas-
ing interest in fast Internet download and seamless high speed connectivity, traffic
demands grow unprecedentedly as reported by the annual visual network index (VNI)
reports released by Cisco [1]. Furthermore, the number of mobile devices is expected

to grow exponentially as predicted by [2].

This motivates both industry and academia to meet the increasing demands for high



data rate services via new innovative wireless technologies that are smart and highly
efficient. Currently, an extensive research has already been ignited to investigate
and develop the potential candidate technologies for future mobile cellular system,
i.e. fifth generation (5G) [3]. 5G is envisioned to be a paradigm shift that breaks
backward compatibility, and expected to include very high carrier frequencies with
very large bandwidths, extreme base station density, and massive number of antennas,

with the objective of providing high system capacity with better quality of service
(QoS) [3] [4].

1.2 Motivation

Meeting the ever-increasing demands for large volume of traffic and better QoS implies
fast data rate transmission, which is fundamentally limited by wireless radio resources,
mainly spectrum, which is scarce and very expensive. To deal with the dilemma
of resource scarcity, the spectrum should be efficiently reused in conjunction with
utilisation of highly sophisticated transmission techniques [4]. Spectrum reuse almost
contributes for the most part of system spectral efficiency, i.e. a metric of how much

traffic can be transmitted over a limited spectrum band [4].

The adoption of OFDMA and MIMO has also played a significant role in achieving
high spectral efficiency. However, aggressive spectrum reuse results in strong interfer-
ence in multicell networks, caused by the simultaneous transmission of neighbouring
BSs over the same frequency band [4]. Intercell interference severely degrades users
performance, especially those users at the cell boundaries. Thus, while spectrum re-
utilisation yields high wide-system spectral efficiency, the performance of individual
users, especially cell-edge users, will be degraded as a result. This gives rise to a
trade-off between system spectral efficiency and individual user spectral efficiency,

where attaining both is a challenging problem.

One of the effective approaches to deal with inter-cell interference is to enable co-

ordination among neighbouring BSs. Multicell coordination can be implemented on



time, frequency, and space domain. This technique has attracted great attention
recently, and investigated in LTE-A under the name of coordinated multipoint pro-
cessing (CoMP) [5]. It is also regarded as a candidate technique for future wireless
networks. In multicell coordination, neighbouring BSs exchange channel state infor-
mation of users upon which they can coordinate their transmission so as to avoid or
exploit inter-cell interference. Multicell coordination is most useful for cell-edge users
who suffer from both weak signal quality and strong interference from neighbour-
ing cells [6]. Multicell coordination on space domain has attracted great attention
last years. Omne of such main techniques is the interference alignment (IA), which
is shown to be capacity optimal for high signal-to-noise (SNR) regime [7]. In IA,
the desired signals can be retrieved by using signal processing techniques working on

space domain.

Implementation of multicell coordination is challenging in practice due to complexity,
overhead signalling cost, and other limitations. Moreover, multicell coordination may
not always bring an advantage, as determining whether it is advantageous or not
depends on the distribution of BSs and users that are usually randomly located.
For example, users at the cell-centre typically enjoy good channel condition and the
interference is weak, hence, coordination may be unnecessary. In contrast, users at the
cell-edge typically suffer from bad channel condition and strong interference, hence,
cancelling interference can be helpful for them. Thus, more adaptive strategies are

required to make use of multicell coordination.

In general, previous wireless networks have been evaluated in terms of spectral ef-
ficiency. Since future wireless networks are expected to provide services with high
QoS requirements, it is of paramount importance to create a new paradigm shift
to QoS-oriented design and evaluation of wireless networks [3]. Moreover, energy
consumption has also nowadays been considered as a major issue to be considered
both economically and environmentally [4]. Since increasing spectral efficiency re-
sults in more energy consumption, there is always a fundamental trade-off between
spectral efficiency and energy consumption. This motivates the research to consider

this trade-off as the set point for future wireless networks.



In this thesis, coordination in multicell setting is analysed, and different approaches of
implementing coordination over space and frequency domains are investigated. The
aim is to propose adaptive strategies for implementing coordination using MIMO.
Moreover, algorithms for multicell resource allocation and scheduling schemes are
developed and analysed. Throughout this thesis, different performance metrics are
considered such as spectral efficiency, energy efficiency, and QoS. The main work in
this thesis can be classified into two main different approaches; statistical analysis
and optimisation approaches. In the first, statistical methodology is conducted to
analyse and evaluate the proposed schemes assuming random system layout. In the
later, resource allocation and scheduling schemes are developed aiming at maximis-
ing system performance in OFDMA-based multicell coordination and MIMO-based

multicell coordination, respectively.

1.3 Contributions

The key contributions of the thesis are summarised as follows:

e Analysing the coverage probability and effective capacity for downlink

MIMO cellular networks with power control and coordination

The coverage probability is analysed for downlink random MIMO cellular net-
works. The BSs are modelled as randomly located in the network area. Two
scenarios are investigated and analysed. In the first scenario, the system is
assumed to employ distance-based fractional power control to compensate for
path-loss, and no coordination is implemented among cells. Two cases are in-
vestigated for the this scenario; single user MIMO and multiuser MIMO. In the
second scenario, the system is assumed to employ coordinated beamforming to
cancel the inter-cell interference. For both scenarios, analytical tractable ex-
pressions are derived for coverage probability. Based on coverage probability
analysis, the analysis is also extended to the effective capacity to investigate

the impact of power control on delay QoS requirement.

4



e Proposing adaptive coordination inter-cell interference cancellation

for downlink cellular networks

Adaptive coordination with inter-cell interference cancellation schemes are pro-
posed for multi-carrier downlink cellular network. The coverage probability
and average rate are analysed for both cell-edge and cell-centre users in both
schemes. The proposed schemes adaptively employ coordination over both space
and frequency domains to serve cell-edge and cell-centre users with different
beamforming strategies, where the beamforming strategies are selected based
on channel condition. The BSs are assumed to be randomly distributed in
the network area. Using tools from stochastic geometry, analytical expressions
are derived for coverage probability for the proposed schemes in terms of the
main system parameters such as BSs density and antenna number. In addition,

analytical expression for average rate is derived based on coverage probability.

e Designing multicell coordination algorithm for joint user selection

and user scheduling in cellular networks

The problem of user scheduling is studied in coordinated MIMO multicell net-
work. The objective is to schedule the best set of users such that the system
sum rate is maximised. In addition to user scheduling, adaptive spatial modes
algorithm is introduced so as to allocate varying number of spatial modes to
users as well as to leverage full potential of spatial diversity. Then, two low
complexity algorithms are proposed for multicell scheduling. The algorithms
consist of two stages; scheduling and precoding stages. In scheduling stage,
users are selected by each cell in sequential distributed manner using limited
information exchange. In precoding stage, the precoding matrices are designed
by each cell separately from all other cells. Then, the algorithm is extended
to proportional fairness scheduling to account for heterogeneity of users. The

performance and complexity of algorithms are studied and analysed.

e Designing energy efficient multicell resource allocation schemes for

downlink OFDMA cellular networks



The problem of resource allocation and bit loading is studied in multicell OFDMA
network. The objective is to minimise energy consumption per transmitted bit
for a given spectral efficiency. We propose two stage adaptive resource allocation
scheme based on coordination among the cells. In the first stage (centralised
stage), the cell-edge users in the neighbouring cells are allocated orthogonal
subchannel resources with the objective of minimising energy consumption.
While, in the second stage (distributed stage), cell-centre users are allocated
the remaining resources with the objective of minimising power to reduce in-
terference on the the other cells. The first stage is implemented via a central
unit, while the second stage is implemented by each cell independently. The en-
ergy efficient optimisation problem is formulated as an integer linear fractional
programming for which the fractional problem can be iteratively solved by a
parametric approach. The second stage problem is formulated as an integer
linear programming. Using the proposed adaptive scheme of coordination and
resource allocation, the trade-off between spectral efficiency is analysed under
the constraint of guaranteeing minimum throughput per each user and total

transmit power.

1.4 Thesis Organisation

The remainder of this thesis is organised as follows:

Chapter 2 provides an essential introductory background for the research work of

this thesis. It begins by giving an overview of the importance of wireless commu-

nication and how the cellular networks have evolved over the last years in response

to urgent demands for high data rate technology. Next, it discusses the fundamen-

tal issues and concepts of wireless channel, performance metrics of wireless systems,

and cellular networks. It then addresses MIMO techniques and issues, single-user

MIMO, multiuser MIMO, precoding techniques, and challenges of multiuser MIMO.

This section is followed by providing an overview of multicell MIMO and its two



variants; cooperative MIMO and coordinated MIMO, and discussing some of their
issues and challenges. Finally, an overview of OFDMA system, resource allocation

and scheduling, and inter-cell interference coordination techniques is presented.

Chapter 3 analyses coverage probability and effective capacity for downlink random
cellular network. It begins by introducing the concept of effective capacity and its
relation to Shannon capacity, followed by presenting the system model and the math-
ematical framework of effective capacity. Next, the analysis of coverage probability
of single user MIMO and multiuser MIMO with fractional power control is presented.
This is followed by an analysis of coverage probability of the system employing coor-

dinated beamforming. Finally, An analysis of effective capacity is presented.

Chapter 4 analyses the performance of adaptive coordination and interference can-
cellation in downlink random MIMO cellular networks. It begins with an essential
background and literature review on interference management and multicell MIMO
techniques. Then, the system model of random cellular system is presented, followed
by explaining the two proposed adaptive schemes for coordination and interference
cancellation on both space and frequency domain. It then provides the mathematical
analysis of the two proposed schemes, whereby analytical expressions for coverage
probability are derived for both schemes. Following this, analytical expression for

average rate is derived.

Chapter 5 studies the user scheduling in coordinated MIMO multicell networks. It
begins with reviewing the literature related to user selection algorithms, coordinated
MIMO, and multimode selection. Next, the system model is presented and the prob-
lem of multicell scheduling is defined. Following that, an algorithm for user selection
in single cell scenario is introduced and explained, and then extended to multimode
selection. Then, the proposed algorithms for multicell scheduling are introduced and
analysed. It then presents an extension of the algorithm to proportional fairness
scheduling scheme. Following that, complexity analysis of the algorithms are pro-
vided.

Chapter 6 studies the energy efficiency in multicell downlink OFDMA cellular net-

7



works. It begins with reviewing the literature related to this issue. Next, the system
model is presented whereby the network setting and system parameters are intro-
duced. Following that, the proposed coordination schemes is explained, and the
algorithm of the two stages of resource allocation is presented. Then, the resource
allocation problem of both stages are formulated as optimisation problems, whereby
the objective of the first stage is to minimise energy consumption for a given spectral
efficiency and minimum user rate, and the objective of second stage is to minimise

power under the same constraints of the first stage.

Lastly, Chapter 7 concludes the thesis and suggests future research directions.



Chapter 2

Background

2.1 Future Wireless Networks

2.1.1 Importance of Telecommunication Technology

The world of telecommunications has witnessed dramatic changes during the last
years due to technological and cultural revolution. The advancement of electronic
technology has also led to great developments in many areas, particularly in digi-
tal communication. Thus, digital communication is fast becoming indispensable to
governmental bodies, business and education institutions, industries, daily people’s
life. This creates a cultural climate dramatically changing daily people’s life in var-
ious aspects. Nowadays applications such as web services, E-mails, video streaming
are becoming highly important for daily people’s life, hence creating new demands
in terms of internet and communications services, which are more facilitated by the
growth of global network of computers and internet servers. In addition, the advance-
ment of smart phones and other handheld devices results in a significant growth in
the data traffic recently. As a response to these demands, the technology of telecom-
munication has been pushed forward to fulfil these needs; also it introduces a new

great opportunity of profits from an economic point of view. The significance of



telecommunication revolution both culturally and economically is so important that
governments have established organisational bodies aiming solely for promotion of
telecommunication technology, to ensure that even disadvantaged countries will be
able to have an opportunity to access cutting-edge communication technologies, and

to entirely engage with the information technology pace.

2.1.2 Wireless Communication Systems

Internet services such as web browsing, email, video streaming, have become urgent
needs for the people’s daily life, not only on the traditional wired networks, but also
on the wireless networks, particularly cellular systems [1]. Wireless communication
uses electromagnetic spectrum to carry the modulated information data to the re-
ceiver. First generations of cellular systems are mainly designed for only voice and
text services. With the advancement of smart phone technology, the devices are
nowadays equipped with sophisticated capabilities, thus, new demands for multime-
dia and high data rate applications are generated [2]. While high data rates services
can be reliably provided on wired networks, providing such services on the wireless
networks, however, is not a trivial matter to accomplish due to the limited resources
and the unpredictable nature of wireless channel. Besides, the number of subscribers
all around the world is still increasing, making provisioning of high data rate services
over cellular systems very challenging problem for both manufacturers and operators.
Consequently, the main issue becomes the problem of how to provide high data rate
services over limited wireless resources such that the quality of service (QoS) is sat-
isfied. Thus, wireless communication requires very different approaches than that of

wired networks.

2.1.3 Evolution of Cellular Networks

The first generations of wireless mobile networks were voice-oriented systems, pro-

viding low data rate services such as voice. With the dramatic evolution of wireless
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mobile systems over the last decades, wireless systems have become more multimedia-
oriented mobile networks, and hence raising the expectations for higher data rates.
The first generation (1G) was based on analogue technology, deployed in USA and
Europe in in the early of 1980’s, followed by the digital technology-based second
generation system (2G) deployed in 1991 in Europe. In 2001, third generation (3G)
system based on code-division multiple access (CDMA) technology was first operated.
The dramatic enhancement for the mobile systems occurred in high-speed downlink
packet access (HSDPA) supporting a speed of up to 21 Mbps. Then, it is evolved to
HSPA+ with speed reaching up to 42 Mbps. Later on, long-term evolution (LTE) is
introduced by third generation partnership (3GPP) to provide high data rate up to
160 Mbps within 20 MHz channel bandwidth. LTE is based on orthogonal frequency
division multiple access (OFDMA) technique for resources sharing among users, and
incorporates advanced technologies such as MIMO, adaptive modulation, and link
adaptation [8]. In 2008, the technical requirements of fourth generation (4G) has
been identified in international mobile telecommunications-Advanced (IMT-A) [9].
In this direction, 3GPP targeted the candidate cellular technologies that are meeting
IMT-A requirements, and proposed LTE-advanced (LTE-A) [10]. The key technolo-
gies that make LTE-A superior over LTE and 3G systems are carrier aggregation,
OFDMA, CoMP technique for interference management, and deploying heterogeneous
networks to improve spectral efficiency and provide uniform coverage [10]. Nowadays,
researchers all over the world have been targeting 5G cellular , which is expected to
be a groundbreaking technology, overcoming the limitations faced by previous cellu-
lar generation. 5G is envisioned to include massive bandwidth with high frequencies,
dense BSs deployment, massive number of antennas, heterogeneous network deploy-
ment, cognitive radio, highly adaptive multicell coordination strategies, and energy

efficient technology, not to mention others [3].
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Figure 2.1: An illustartion of multipath phenomenon where different signal replicas
arrive at the reciver side.

2.2 Wireless Communication Channel

Wireless channel is the air medium over which wireless transmission is performed via
electromagnetic waves. Since the wave is not restricted to take single path, it suffers
reflection, diffraction, scattering by buildings, hills, bodies, and other objects when
travelling from transmitter to receiver, hence multiple copies of the signal arrive at
the receiver as shown in Fig. 2.1. Each copy of the signal has different delay, phase,
and gain, and thus they interfere constructively or destructively. This is referred to
as multipath phenomenon. To fully characterise the random time varying properties
of multipath channel, statistical models have been developed [11]. In general, wireless
channel is affected by three factors: path-loss, shadowing, and small-scale fading [11]

as illustrated in Fig. 2.2.

Path-loss refers to the signal power dissipation in proportion to the distance between

transmitter and receiver. In free space, path-loss is given by

€GtGT

L=y

(2.1)

where ¢ is the wavelength, G, is the transmitter antenna gain, G, is the receive
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Figure 2.2: The composite effect of path-loss, shadowing, and small-scale fading in
wirelss channel.

antenna gain, d is the distance between the transmitter and receiver. This model is
only valid provided that there is only one single path between two points, i.e. line-
of-sight (LoS), or few multipath components. In cellular communication, the signal
propagates through different paths between transmitter and receiver, for which the

path-loss is commonly modelled as [11]

L=c¢d* (2.2)

where ¢ represents a constant that captures the antenna characteristics and channel
attenuation, and « is the path-loss exponent that varies from 2 to 6 depending on

the communication environment [11].

Shadowing is a random variation experienced by signal power due to obstacles be-
tween transmitter and receiver that attenuate the signal through scattering, reflection,
and diffraction [11], [12]. Statistical methods are usually used to model shadowing

where log-normal shadowing model is the most accurately validated model [11]. The

13



probability density function (PDF) of a log-normal random variable y is given as

1 _ (ny—p)?

fly) = ya\/ge 202y > 0. (2.3)

where p and o represent the mean and the standard deviation of y given in dB.

Small-scale fading refers to the microscopic channel variations due to constructive and
destructive addition of multipath signal replicas. Since each signal replica experiences
different attenuation, delay, and phase, the superposition of all components results in
a destructive and constructive addition, thus attenuating and amplifying the received
signal, respectively [11], [12]. When the drop of the signal is severe, it is referred to

as deep fade, and usually results in temporary outage in communication.

Fading variations and its impact on frequency domain can be characterised by the
notion of coherence bandwidth W,. This parameter measures the range of frequencies
over which the channel is highly correlated, in other word the channel does not change
over the entire signal bandwidth (or flat). Coherence bandwidth is connected to the

delay spread arising from multipath phenomenon as W, ~ =, where T} is defined as

N7
the difference between delays spread associated with the mcd)st significant multipath
component and the latest component. If the signal bandwidth w is smaller than
the coherence bandwidth, the channel exhibits a constant gain transfer function over
the entire signal bandwidth. However, when the coherence bandwidth is larger than
the signal bandwidth, the channel response exhibits frequency-selective behaviour,
in other words, different parts of signal bandwidth experience uncorrelated fading,
giving rise to signal distortion or what is so-called inter-symbol interference (ISI). To
overcome this problem, sophisticated equalisation needs to be utilised at the detection
side, which is costly in implementation. The other widely adopted solution in recent
advanced wireless technologies is to use low rate multicarrier transmission such as
orthogonal frequency division multiplexing (OFDM), whereby each subcarrier has

smaller bandwidth to ensure that the channel is flat over each subcarrier bandwidth

1], [12].
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On the other hand, fading variations in time domain are characterised through the
notion of coherence time T, which refers to the time duration at which the channel
remains correlated. Coherence time is related to the Doppler spread parameter f; as
T. ~ fid’ which is the broadening in the signal bandwidth caused by relative mobility
of the transmitter and receiver. Channel with larger Doppler spread changes faster,
thereby having shorter coherence time [11]. The rate at which the variation in the
signal takes place determines how fast the fading is; fast fading occurs with multipath
phenomenon as it takes place over very small time scale (on the order of milliseconds),

while slow fading occurs with path-loss and shadowing as it happens over relatively

larger time scale on the order of tens of seconds.

To model small-scale fading, several statistical models have been proposed and utilised.
The two most common models are Rayleigh and Rician models. Here, we will briefly

describe the two models.

2.2.1 Rayleigh Channel Fading

This is based on the assumption that there is no line-of-site component between
transmitter and receiver, and there is a large number of independent signal paths.
According to Central Limit Theorem (CLT), when there is a large number of random
variables, the limiting distribution will approximate Gaussian distribution [11]. Thus,
the fading channel can be modelled as a zero-mean complex-valued Gaussian random

variable x ~ CN(0, 0?) with channel envelope y =| z | and PDF given by

2

Yy oy
ply) = e 27y >0 (2.4)

where o2 is the average received power.
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2.2.2 Rician Channel Fading

When there is a line-of-site component between transmitter and receiver, the signal
will be composed of large number of independent paths plus line-of-site components.

The signal envelope is modelled by Rician distribution given by

2y(K + 1)€,K,(K;)y21

: Sy BE+D

ply) = —) (2.5)

o o

where K denotes the ratio of the power of the line-of-site component to the power
of other multipath components, and I, is the modified Bessel function of the zero-th

order given by

=

y2)k
2

Zoo (
k=0

(2.6)

2.3 Performance of Wireless Networks

The performance of wireless networks is typically measured by several major pa-
rameters such as capacity (equivalently spectral efficiency), quality of service (QoS)
guarantee, fairness. In the early cellular systems, since the main services were voice
and text messaging, which require low data rate, much emphasis has been put on cov-
erage and capacity. However, with the advancement of smart phone technology, the
demand for high data rate multimedia applications shifts the interest towards both
capacity (spectral efficiency) and QoS guarantee. Recently, energy efficiency has also
attracted an important interest in both industry and academia due to the impact of
energy consumption on environment and other economic reasons. In the subsequent
discussion, we will briefly describe three key performance metrics, namely capacity,

effective capacity, and energy efficiency.
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2.3.1 Shannon Capacity

In his pioneering work on the information theory [13], Shannon introduced the notion
of channel capacity, which means the achievable data rate that can be transmitted
over the channel with arbitrarily small error probability. Capacity has become an
important metric for analysing performance of wireless networks, it possessed even
high importance for future mobile networks that are expected to provide high data
rate applications. In an additive white Gaussian noise (AWGN) channel, Shannon

capacity is defined as

C = Wlog,(1 + ), [bits/sec] (2.7)

NoW

where W is signal bandwidth in Hz, Nj is the noise spectral density in Watt/Hz, and
P

P is the transmit power. The term Mo is commonly referred to as signal-to-noise
ratio (SNR). Shannon capacity gives an upper bound limit on the achievable rate,
it could be achieved by advanced signal processing and coding techniques. It can
be observed from the above formula that the two factors fundamentally limiting the
capacity are power and bandwidth, which represent the main wireless resources. Two
extreme regimes can be deduced from Shannon formula; when SNR gets very large, the
capacity becomes logarithmic in power and linear in bandwidth, i.e. C' = WlogQ(NOLW),
this is referred to as bandwidth-limited regime. On the other hand, when SNR gets
very small, capacity becomes insensitive to bandwidth, i.e. C' = N%log;Qe, where e is
the base of the natural logarithm. In the first regime, it is more advantageous to

increase bandwidth for capacity increase, whereas in the second regime, increasing

power is the best strategy.

2.3.2 Effective Capacity

Effective capacity is an important concept for evaluating wireless systems with QoS
provisioning. QoS provisioning includes all mechanisms that are responsible for guar-

anteeing QoS when providing multimedia and internet services. QoS is defined as
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the capability of the network to provide satisfactory service to the users. The satis-
faction of service depends on factors such as throughput, delay, jitter, packet error
rate, and reliability. QoS provisioning has been extensively studied in wired networks
under the concept of effective bandwidth [14], [15]. Now QoS provisioning is rapidly
becoming an essential feature in advanced cellular systems. Inspired by the concept
of effective bandwidth, which statistically models a source traffic in wired networks
with constant service rate, Wu and Negi have proposed a new concept termed as
effective capacity using large deviation theory [15], [16]. Effective capacity is the dual
of effective bandwidth, and it models service rate in wireless channel with constant
arrival rate [16]. They define the effective capacity as the achievable constant arrival
rate that a given service rate process can support in order to guarantee a statistical
QoS requirement specified by QoS exponent 6. Let S(t) £ 23:1 R(7) represent the
aggregate service rate over the time period [0,t), where R(7) is the service rate at

time 7, the effective capacity E. is defined as
o -5
E.(0) = = Jim —-logE{e 1 (2.8)
when {R(t)} stationary and ergodic process, E. can be reduced to:
1
E.(0) = —élogE{e_eR(t)} (2.9)

where 6 represents QoS constraint, and can be incorporated into scheduling process.
More specifically, when # — 0, this indicates loose QoS constraints, and the effective
capacity approaches Shannon capacity, whereas when § — oo, it implies stringent
QoS requirement (delay is not tolerated). Hence, instead of the conventional cross-
layer design approaches in which Shannon capacity is maximised subject to delay

constraints, here the effective capacity is maximised for a given 6 [14].
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2.3.3 Energy Efficiency

Energy efficiency has attracted great attention nowadays, since increasing spectral
efficiency results in more energy consumption. The energy consumption increase
in wireless communication systems results in an increase of COy emission, which
represents big threat to the environment [17], and there is a consensus on the necessity
of protecting the environment from the dangers of modern technology. Moreover, the
radio access part of cellular systems consumes about 70% of the electricity power
bills as reported by mobile systems operators, which means high operational cost
from economical point of view [18]. Additionally for uplink radio access it is very
reasonable to reduce energy consumption for mobile devices in order to save the
battery power [18], [19]. For theses reasons, reducing energy consumption motivates
research circles to investigate new energy efficient techniques in wireless networks

technology.

There is an inherent conflict in enhancing spectral efficiency and decreasing energy
consumption at the same time; reducing energy consumption leads to decrease in spec-
tral efficiency and vice versa [18], [19]. Consequently, there always exists a trade off
between spectral and energy efficiencies. Thus, the spectral-energy efficiency trade-off
can be set off as a mile stone for the research to investigate the problem of how much
energy consumption for a given spectral efficiency, or how much spectral efficiency

can be obtained for a given energy consumption [18].

Two different definitions are used to define the energy efficiency [20]. The first def-
inition is to take the ratio of transmission bits rate (or spectral efficiency) to the
transmitted power, measured in bit/Joule [21], [22]. This definition has been widely
used in literature. The other definition of energy efficiency (Joule/bit) is to take the
ratio of consumed power over bit rate or spectral efficiency [20]. In this thesis, the

second definition of energy efficiency will be used as it implies the energy consumption.
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Figure 2.3: An example of hexagonal cellular system with frequency reuse factor 3.

2.4 Cellular Network Models

The main concept of cellular systems is to divide the coverage area into non-overlapping
smaller areas referred to as cells while reusing the available spectrum bands at differ-
ent cells. The frequency reuse factor (FRF') determines the frequency pattern scheme,
for example, FRF = N corresponds to the case of utilising a subband at every N cell,
as shown in Fig. 2.3. When FRF = 1, we have the conventional full spectrum reuse,

where the spectrum is reutilised at each cell.

In cellular systems, the major problem arising from frequency reuse is the inter-cell in-
terference (ICI) caused by neighbouring cells [23], [24]. It degrades the system perfor-
mance, especially for the cell-edge users. Let the instantaneous signal-to-interference

and noise (SINR) given by:

P

INR =
SINR Pn+PI

(2.10)

where P;, P,, and P; denote the desired signal power, noise power, and inter-cell

interference (ICI) power, respectively. Instantaneous rate is given by
R(t) = log,(1 + SINR), [bits/sec/Hz| (2.11)
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Figure 2.4: An illustration of hexagonal cellular system, circular Wyner model, ran-
dom cellular system, and PPP model

Note that in (2.10), the interference is treated as a Gaussian noise, i.e. no successive
interference cancellation (SIC) technique is used. It can be clearly observed that
increasing the power of desired signal does not improve the performance, as it results
in an additional interference on the other cell. However, with suitable interference
management strategy implemented across cells, P; can be either cancelled or reduced
to small value. Inter-cell interference management strategies require coordination and

an exchange of necessary information among neighbouring cells.

Hexagonal and other grid models shown in Fig. 2.4 have been widely used to evaluate
and analyse cellular networks. In these models, BSs locations follow deterministic
grid, and all cells have the same size and shape. Grid models are quite easy to
simulate, and have been thought to closely approximate realistic cellular system layout
[25]. Due to analytical complexity inherent in such models, researchers have resorted
to more simplified architecture to analyse cellular systems such as widely known
Wyner model [25], [26]. In this model, it is assumed that users have deterministic

average SINR regardless of where they are located. It has been extensively used in
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literature due to its simplicity and analytical tractability. However, it is proven to
be inaccurate in most cases [27]. An alternative approach adopted recently is to
model BSs as randomly positioned, which may resemble the realistic BSs layout that
exhibits random pattern, especially heterogeneous networks [28]. Counter-intuitively,
such random model yields analytical tractability, and accurate expressions can be
obtained for SINR distributions. Stochastic geometry mathematical tools can be
efficiently applied to analyse these models [29]. It is shown that while grid models
provide an upper bound optimistic upper bound on system performance, random

models gives the lower bound [28].

2.5 Multi-Antenna Cellular Systems

The use of multiple antenna systems creates a new dimension (i.e. space dimension)
that can be potentially exploited in addition to frequency and time. The pioneering
works of winters [30], Foschini [31]-[32], and Telatar [33] have predicted enormous
spectral efficiency for wireless systems using multiple antennas in a rich scattering
channel with the channel state being perfectly known at the transmitter. The role
of scattering environment is to provide independent channel directions from each
transmit antenna to each receive antenna. Thus, by spatially multiplexing different
symbol streams and simultaneously transmitting them over N, transmit antennas, the
spectral efficiency linearly scales by a factor of min(Ny, N,) where N, is the number of
receive antennas [34]. In the following discussion, capacity analysis is introduced for
MIMO channels with different scenarios, namely single user MIMO (SU-MIMO) and
multiuser MIMO (MU-MIMO). We start with SU-MIMO as it represents the simple
point-to-point MIMO channel.
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2.5.1 SU-MIMO Capacity

In SU-MIMO, a transmitter equipped with multiple antennas spatially multiplexes
different streams for transmission to multiple antenna receiver. Consider a BS equipped
with N; antennas and receiver with NV, antennas as shown in Fig. 2.5. The received

signal is given by
y=Hx+n (2.12)

where H € CMM is the channel gain matrix between the transmitter and the re-
ceiver, x € CM*! is the transmitted symbol vector, n € C¥*! is the AWGN vector,
where n ~ GN(0,0%Iy,) , and y € C¥*! is the received signal vector. The capacity
can be obtained by decomposing the channel matrix into a set of parallel, independent
scaler sub-channel. Assuming CSI is perfectly known at the transmitter and apply-
ing singular value decomposition (SVD) to the channel matrix, H = UAV", where
V € CNoxNe and U € CY*Nr are orthogonal matrices, and A is a diagonal matrix
whose jth entries A; represents the jth singular value of H, then HH" = UA?U",
and the following are defined [12]

% = Vhx, (2.13)
y = Uy, (2.14)
i :=Un, (2.15)

the received signal can be written as
y = AX +n, (2.16)

now the capacity is given by [12]
Mmin p)\2

C= ) log, (1 + ;;) bits/s/Hz, (2.17)

j=1
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Figure 2.5: SU-MIMO transmitter and reciver structure where the BS with N; an-
tennas spatially multiplexes M,,;, spatial streams to a reciever with N, antennas,
where M, = min(NVy, N,.).

where M,,;, = min{N;, N, }, and the optimal power allocation is given by waterfilling

over the eigenvalues of the diagonal matrix A? as [12]

o>\ "
Aj

where (z)" denotes max(z,0), and u is the so-called waterfilling-level chosen such

that Z]Ai"l”” p; = P. Waterfilling is always optimal, however, for high SNR regime

constant power allocation performs as good as waterfilling [34], [35].

2.5.2 MU-MIMO Capacity

If the BS can be equipped with a large number of antenna, the multiplexing gain
associated with single user MIMO will be limited by the number of receive antenna

at the user side. Hence, to overcome this limitation, MIMO can be extended to
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Figure 2.6: Ilustration of MU-MIMO transmission where a BS serves multiple users
simulteneously.

multiuser level, where, instead of transmitting multiple streams to a single user, the
BS simultaneously serves multiple users over the same frequency band as shown in
Fig. 2.6. In this technique, inter-user interference (also known as intra-cell interfer-
ence) results as a consequence of simultaneous transmission. Since, in MU-MIMO,
there is assumed no coordination among users due to power and complexity limita-
tions, inter-user interference cancellation responsibility is transferred to the BS [36].
This requires perfect CSI acquisition at the BS, which is, however, a challenging issue.
Note that CSI acquisition is necessary for MU-MIMO in the downlink scenario. In
SU-MIMO, it may not necessary to have perfect knowledge of CSI, though [35].

Consider a BS equipped with NV; antennas serves K users, each equipped with N,

receive antennas, such that N; > K N,.. The received signal at user k is given by
v = Hpgx + ny, (2.19)

where H;, € CN"*M is the channel gain matrix between the BS and kth user, x =
Zle x € CM*! is the superposition of all users transmitted symbol vectors, n; €
CN<1 is the AWGN vector, and y, € CN"*! is the received signal vector at user k.

We impose the power constraint as E{tr{xx"}} < P, and both channel and noise are
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normalised to 1. For MU-MIMO, or so-called MIMO broadcast (MIMO BC) [34]-[35],
the capacity is characterised by the notion of capacity region [34], which is the set of

all achievable rates with arbitrarily small error probability, and is given by

R(Qy,...,Qk) = [Ry, ..., RK] (2.20)

where Ry is the rate of kth user. The channel capacity of SU-MIMO is a single real
number, while, for MU-MIMO the capacity is characterised by a convex region of
K-dimensional space, where K is the number of users, and each vector in the K-
dimensional convex hall represents the achievable rates by all users [34]-[35]. The
optimal strategy transmission for MU-MIMO that achieves Shannon capacity limit is
dirty paper coding (DPC) proposed by Costa [37]. Based on this technique, the inter
user interference is pre-subtracted at the BS before transmission [34]-[37]. Thus it
mimics SIC at the receiver side. It is proven in [37] that for single antenna systems if
the transmitter knows non-causally the interference, it can subtract it in advance and

thereby the capacity will be the same as if there were no additive interference [38]-[40].

2.5.3 Linear Precoding Techniques

For MIMO to accomplish its task, precoding technique must be used. Precoding tech-
niques are used to cancel interference among sub streams, i.e. inter-user interference.
Despite the optimality of DCP, it is very hard to be implemented practically due
to high complexity incurred by successive encodings and decodings [34]. Therefore,

sub-optimal, low complexity techniques have been proposed instead.

Let x;, € CM*! denote the transmitted symbol vector for user k. By encoding this
symbol vector by precoding matrix T} € C¥*N and combining the resultant vector

with all other users encoded symbol vectors for transmission, the transmitted signal
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1s written as
K
X = Z Tyxy, (2.21)
k=1

After transmission, the received signal at user k is given by

K
= H,.T.x; + H,T;x; +n 5 99
Yk kAL kXE Z k X (2.22)
desired signal i=1,i#k

inter-user interference

The second term in (2.22) represents the inter-user interference caused by simultane-
ous transmission of users symbol vectors. To fully eliminate inter-user interference,
the precoding matrix T} of a user k is designed such that it lies in the null space
of other users channels, ¢ = 1,...K,7 # k, in other words, the precoding matrix of

user k should be orthogonal to other users channels such that:
H, T, =0, Vk # i (2.23)

Thereby, the interference is eliminated at each user. The null space dimension space
should be non-empty, which is only possible if the number of non intended users is less
than V;. In this thesis, the following linear precoding techniques are briefly discussed,
namely zero-forcing (ZF), signal-to-leakage-and-noise ratio maximising (SLNR-MAX)
beamforming, and block diagonalization (BD). Maximum ratio transmission (MRT)
precoding technique will be also presented, despite the fact that it is not to be used

for cancelling interference from non intended users.

1- ZF beamforming: ZF beamforming is a signal processing technique imple-
mented by a BS to cancel out inter-user interference. Assuming single antenna
users, the BS multiplies the data symbol of each user by its so-called beam-
forming precoding vector [41], then combines the resultant vectors of the other

users for transmission through multiple antennas.

Let h;, € CVe*! is the channel vector between a BS and single antenna user £,
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and H = [hY, ... h%]" is the concatenated channel matrix of K users, the ZF
precoding vectors are the column vectors of the Moore-Penrose pseudo inverse
of H given as [41]

W =H' = H"(HH")"! (2.24)

ZF technique, while being suboptimal and practical, is proven to be optimal and
asymptotically approach the performance of dirty paper coding in the high SNR
regime when the number of users gets very large [41]. This is due to multiuser
diversity, which can be increased with the increase of users number, thereby
providing plentiful channel directions with better quality. As a result, a BS will
have an opportunity to schedule a set of users with best channel conditions and

perfect spatial separation [41].

MRT beamforming: MRT beamforming is a precoding vector that maximise
the desired channel gain. It is designed by choosing the vector that spans the
channel direction [42], [43]. For a single antenna user hy, MRT precoder wy, is

given as

| by ||

Wi (2.25)

Hence, the inner product between two vectors is maximised. MRT beamforming
is used to benefit from the spatial diversity offered by multiple antennas. MRT
is optimal in low SNR regime, while ZF performs better in high SNR regime.
This is because when SNR is low, it is more beneficial to improve the quality of
desired signal power than to cancel the interference, while, in high SNR case,
a user can afford losing some of its signal quality for the sake of cancelling

interference via by ZF.

SLNR-MAX beamforming: SLNR-MAX is defined as the signal to leakage

interference caused by user k£ on the signal received by other users in the system,
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thus SLNR for user k is written as [44]

| hpwy ||

Ok Zi:l,i;ﬁk iWE

(2.26)

where Zfi“ i, | hywy || represents the leakage interference caused by user k on
other users. Hence, the beamforming of user £ wj, can be obtained by maximis-
ing the SLNR value. SLNR-MAX beamforming balances between the desired
signal and the interference [44]. As such, its operation region lies between the

two extremes of ZF and MRT.

BD precoding: when each user is equipped with multiple antennas, and is
able to receive and decode multiple streams, then using ZF' is suboptimal be-
cause it treats each antenna as one user, and thereby reducing the quality
of desired signal. Let us re-write the concatenated users channels matrices
as H = [HY, ..., HY " where H; € C¥*M is the channel matrix of kth user.
Let the concatenated precoding matrices defined as T = [T;', - T;HH. The op-
timal precoding matrices should be chosen such that H,T; = 0,Vk # i, i.e. HT
is block diagonal. To satisfy this condition, T} should be chosen such that it
lies in the null space of other users channel matrices H;,Vi = 1,..., K,i # k.
Define Hy, € CE-DNrxNe g5 [45]

H, = [H. H! HY . HY (2.27)

By applying SVD to H; as

150
k Vk ]H

H), = U,A[V : (2.28)
~ (1 N o~
Here, V;) holds the R = Rank(Hy) right singular vectors corresponding to
~ (0 ~
the non-zero singular values, while V,(f) consists of the remaining N; — R right
singular vectors corresponding to the zero singular values, which forms the or-
thonormal basis for the null space of ﬁk By projecting user k channel to

. ~(0
the orthonormal basis of Hy null space [45], HkV,(C ), the inter-user interfer-
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ence is perfectly eliminated. Denote the effective channel as ﬁk = HkV,(CO)
with Rank(ﬁk) = R. The necessary condition for transmission in the null space
of Hy, is that B > 1 [45], [46]. Similar to SU-MIMO, to maximise the achiev-
able capacity the transmission directions should be aligned with the eigenvec-
tors directions of effective channel Hk\A/,(gO) and waterfilling the power across the

eigenvalues [45]. Thus, applying SVD to Hki\fio)

H, = U,
0 O

Ar 0] ~1)~©
‘“ ] VeV (229)
: . - AGES()

Finally, the precoding matrix is constructed as Ty =V, 'V, " [45].

2.5.4 Issues and Challenges of MU-MIMO

Although MU-MIMO is promising technique for enhancing spectral efficiency, how-
ever it is quite challenging in practical implementation. To achieve full multiplexing
gain of MU-MIMO, the system requires an acquisition of instantaneous perfect CSI.
The system can acquire the CSI through two different ways depending on the duplex-
ing scheme adopted. In time division duplex (TDD), both transmitter and receiver
utilise the same frequency band for transmission and reception, spacing them apart by
multiplexing the downlink and uplink signals on different time slots. A user transmits
specific pilot symbol training signal and the BS can learn the CSI through channel
reciprocity. This necessitate that the time coherence should be long enough to span
the interval of both uplink signalling and downlink transmission [47]. On the other
hand, in frequency division duplex (FDD), where the downlink and uplink use dif-
ferent frequency bands, the user can feed back the necessary information to the BS
through dedicated low rate uplink channel [47]. To overcome this limitation, earlier
works proposed random beamforming [48]-[51]. In random beamforming, the BS con-
structs several orthogonal beams and let the user feedback only the beam index for

which it experiences highest SNR value. Hence only one real number is needed for
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CSI learning. Although it is advantageous in terms of feedback signalling, however,

random beamforming is shown to have worse performance as compared with ZF [36].

The other approach that has recently attracted great attention in both academia and
industry is the limited feedback based on vector quantisation technique [52]-[55]. In
limited feedback, the transmitter and receiver shares a codebook consisting of set of
essential degrees of freedom of the channel, which is tailored to the channel model
and receiver design [52]. When estimating the channel, a user finds the best vector in
the codebook that has maximum product with estimated channel vector, and feeds
back its index to the BS. With this technique, the residual interference caused by
inaccuracy in CSI limits the performance of MU-MIMO system, and the problem gets
even worse in high SNR regime. Thus, full multiplexing gain may not be achievable
unless the feedback bit rate (hence, codebook size) is linearly increased with the
SNR [53]. Although the codebook-based limited feedback has been incorporated in
the latest standards bodies such as in 3GPP LTE, the problem of designing an optimal

codebook is still a rich area of research [52].

2.6 Multicell MIMO Networks

As mentioned earlier, the performance of wireless networks is limited by scarcity of re-
sources and degraded by inter-cell interference, especially for cell-edge users. In such
interference-limited systems, the multiplexing gain vanishes to zero when the power
gets very large [56]. In other words, increasing the transmit power to a large value
does not help increase system capacity. Hence, interference management is necessary
to combat the deteriorating effect of inter-cell interference, and thereby leveraging
full potential of spectrum reuse. Multicell MIMO is viewed as one of such techniques
that is recently attracted large attention [56]. The basic idea of multicell MIMO is
to allow a set of BSs to form a cluster and coordinate their transmission to the users
in neighbouring cells. This requires the CSI and user data to be exchanged among

the BSs over bakhaul links. In fact, multicell coordination can be traced back to

31



macroscopic diversity technique (or soft handoff) used in code division multiple ac-
cess (CDMA) 3G systems [57], whereby a user can simultaneously communicate with
multiple BSs to provide diversity large-scale channel fading. Then, selection diversity
is used to select the best link at any given time. By this means, selection diversity,
combined with power control, allows full frequency reuse, and thereby enhance both
coverage and capacity. However, the system capacity is still limited by inter-cell in-
terference, which is not handled in the previous systems. In multicell MIMO, the
coordination among BSs is implemented over space dimension using MIMO signal
processing techniques. Two levels of operation are envisioned for multicell MIMO;
coordinated MIMO and cooperative MIMO (a.k.a network MIMO) [56]. In this sec-
tion, an overview of multicell MIMO operation and strategies is introduced, and some

its challenges are discussed.

2.6.1 Cooperative MIMO

Cooperative MIMO is based on the idea of viewing the inter-cell interference as a
signal to be exploited rather than a waste signal to be avoided. This vision has evolved
as a consequence of incorporating spatial domain into the classical realm of frequency-
time domain, and in the same way that MIMO technique has emerged by taking
the advantage of multipath copies of the signal, which was previously considered
as a harmful phenomenon, so has cooperative MIMO emerged by looking at the

interference signal as a useful signal to be used [56].

Under cooperative MIMO operation, a user is connected with a set of nearest BSs,
denoted as B, where each BS is equipped with N; transmit antennas as shown in the
Fig. 2.7. The BSs in the cluster are connected via high speed, error-free links so that
they cooperatively convey the data and CSIs of their users to a central unit. Having
collected the CSIs of users, the central unit then computes the precoding vectors
(or precoding matrices in case of BD) and sends them back to each BS, that are to
jointly transmit to their users [56], [58]-[65]. This cluster of BSs can be viewed as a

one giant BS transmitting to several users simultaneously using spatial multiplexing,
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Control Unit

Figure 2.7: Schematic illustration of cooperative MIMO system, where the data of
all their users are jointly processed and simulateneously transmitted from the BSs

where the interference channels are turned into useful channels in the same way as
that of MU-MIMO scenario. Denote the set of users in the cluster as U, where
each user is equipped with only one antenna. Focusing on the intra-cell interference

and neglecting the other cluster interference at the moment, the received signal of a

user u in cell b € {1,..,| B |} in the cluster, can be written as
|B| |B] , 4]
H —a/2 H —a/2
Yu = E hy,  Vupur, '+ E hy g Vi bTm +2 (2.30)
b=1 b=1 m#u
desired signal intra-cluster inteference

where v,,;, € CN*1 is the precoding vector used by bth BS for transmission to the uth
user; x, is the data symbol transmitted for the uth user such that E{| z, |*} < P,
where P is the power used by BS, which is assumed to be constant; h,; € CN*! is
the small-scale channel fading between the user u and bth BS, and each component of
which is an independent and identically distributed (i.i.d) complex Gaussian random
variable with zero mean and unit variance. 7, is the distance from bth BS to the

uth user, and « is the path-loss exponent. z is the noise received at the user which is
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assumed to be a Gaussian random variable with zero mean and unit variance.

The precoders vectors are concatenated as

V=V VE;|]H (2.31)
Vim = [V;Iz,la Van,2a ) V:L,\BHH (232)
where V = HH"H)', and
H = (b, hy, ... hiz]" (2.33)
hm = [h:,la hr|-7|1,27 ERE) hrrlz,\B\]H (234)

Using ZF precoding, the intra-cluster interference in (2.30) is perfectly eliminated.

2.6.2 Coordinated MIMO

In coordinated MIMO, on the other hand, the inter-cell interference is considered
as a deteriorating factor that should be avoided; therefore its approach to deal with
interference is the same as conventional interference management techniques [66]-
[68]. In this scenario, BSs share only CSIs of their users so that they can design
beamforming precoders (or BD matrices) to eliminate the interference experienced
by the users in the neighbouring cells as illustrated in Fig. 2.8. More specifically,
each BS transmits to only its own users, while attempting to cancel interference on
the other cells users [66]-[68]. Coordinated MIMO has lower complexity compared
to cooperative MIMO as it requires only CSIs and does not require synchronisation
among BSs, i.e. the BSs can work in a distributive manner. Using the same notations,

the received signal at user uy; in cell b in this scenario is given by:
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Figure 2.8: Schematic illustration of coordinated MIMO system, where each BS co-
ordinates transmission beamforming towards users sevrd by neighbouring BSs.

IB]
—a/2 —a/2
- hub bVup,bLuy Ty, b + E :hub kVurkLu, Ty, ke +z (2'35)
k+#b
d651red signal 7 _

TV
intra-cluster inteference

Similarly, the precoder of a user u, should be designed such that it lies in the null
space of other users channel spaces so that inter-cell interference is eliminated at the

users.

2.6.3 Challenges and Issues

Despite its promising benefits, there are key challenges in implementing multicell
MIMO in practice. In the following, some of the important challenges are discussed,

and some of research directions to deal with them are highlighted.

1- CSI Feedback: coordinated MIMO requires acquisition of CSIs of all users
in a cluster (data are required for cooperative MIMO as well). Data and CSls

can be shared with other BSs through backhaul links. As discussed previously,
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for FDD systems, a user utilises a dedicated feedback channel to feedback CSIs
from all BSs (both serving and other BSs) to its serving BS. The cost of feedback
increases proportionally to the number of BSs involved in coordination, thereby
consuming an amount of the uplink resources. For saving system resources,
it is desirable to set the best trade-off between feedback overhead and system
performance [56], [69]-[70]. In TDD, on the other hand, the channel can be
estimated through pilot training symbols transmitted by users. By reciprocity,
BS can estimate the downlink channel. The number of required pilot symbols is
now proportional to the number of users, hence putting limitation on training
symbols resources when the number of users gets large [56]. Moreover, CSI has
to be learned by BS in an interval within the time coherence, otherwise CSI
is outdated. In high speed mobility scenario, feeding back instantaneous CSI
may become problematic, therefore channel statistics could be the preferred
choice in these scenarios [69]. Limited-feedback technique is also investigated
for multicell MIMO, whereby the resources dedicated for limited-feedback is
partitioned or adaptively allocated between desired and interference links [70].

These issue are still under investigation by the research communities.

Synchronisation and Backhaul Latency: in cooperation scenario, BSs re-
quire perfect synchronisation among BSs, otherwise the imperfect synchronisa-
tion causes inter-symbol interference (ISI). Particularly, when the BSs involved
in operation have incomparable distances from the user, resulting in different
propagation delays [71]. In addition, the optimal system performance requires
an exchange of data and CSIs among BSs over error-free high capacity links,
especially for centralised schemes. However, in practice the capacity of back-
haul links are limited, and subject to delay [56]. Future wireless networks are
expected to have high capacity optical fibre links, its latency is expected to be

within the allowable values required for multicell MIMO operation.

Complexity and Clustering: in multicell MIMO, the problems of resource
allocation, scheduling, and beamforming design are usually cast as optimisa-

tion problems, for which the optimal solution can be obtained through cen-
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tralised processing. However, this incurs very high computational complexity,
especially when the problem has non-convexity property, which is a common
case in multicell scenarios. Additionally, the complexity increases with number
of BSs involved in operation, hence limiting the implementation of multicell
MIMO in practice. This motivates the research towards designing suboptimal
low-complexity algorithms to lift the burden of complicated processing [56],
[72]-[74]. Moreover, distributed-based algorithms strategies performing close to
the optimal centralised strategy have been investigated so as to minimise the
cost of overhead signalling. In addition, when traffic varies over time and space,
or the spatial distributions of BSs are random, multicell MIMO may need to
be implemented in adaptive manner in accordance with the traffic dynamics.
Hence, dynamic clustering strategies, by which a cluster of BSs can be adap-

tively formed, are recently attracted much attention [56], [61].

2.7 Frequency Domain Multicell Coordination

OFDMA is a highly efficient transmission technique, it has been utilised in recently
developed wireless networks such as LTE and LTE-A, and considered as a best can-
didate transmission technique for future mobile systems. Here, OFDMA systems is
briefly discussed as well as resource management schemes related to OFDMA and

types of multicell coordination implemented within OFDMA system framework.

2.7.1 OFDMA System

OFDMA is based on dividing the system spectrum into orthogonal equal-bandwidth
subchannels; each subchannel carries certain stream of data. In recent OFDMA
systems such as LTE, each subchannel consists of a consecutive orthogonal non-
overlapping subcarriers. Time is also divided into smaller time slots consisting of

multiple OFDMA symbols [75], as illustrated in Fig. 2.9. Then, a single smallest
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Figure 2.9: Schematic illustration of resource RB in LTE. It consists of a consequetive
sets of subcarriers in frequency domain and multiple symbols in time domain.

resource unit is the resource block (RB), which is a single subchannel for the period
of one time slot. OFDMA is very effective transmission technique that could cope
with unpredicted nature of wireless channel and combats the intersymbol interference

caused by multipath effect [76].

Since, each subchannel is chosen to be less than coherence bandwidth, the channel
can be considered flat over each subchannel, and fading parameter can be considered
as a random variable. This can greatly simplify the management of radio resource,
allows flexibility in resource allocation, and results in better QoS provisioning [75].
More specifically, since the subchannels fades independently for different users, the
probability that a subcarrier is in deep fade for all users is very low for large number
of users, this is called multiuser diversity. Based on this fact, the system can treat
each subchannel separately, and by knowing each user’s CSI over each subchannel
the BS can allocate each subchannel to the user with best channel condition, thus

multiuser diversity plays an important role in maximising throughput [76]. However,
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multiuser diversity results in unfairness among users, particularly for the users far
away from the BS and suffer from bad channel condition for long period of time,
thereby giving rise to fundamental trade-off between spectral efficiency and fairness.
Moreover, when QoS constraints are considered, the adaptive resource allocation is
shown to perform far better in terms of QoS guarantees thanks to fine-tuning nature

of resource allocation [76].

2.7.2 Radio Resource Management (Resource allocation and

scheduling)

Radio resource management (RRM) is an important functionality in multiuser wire-
less networks. It has triggered a great deal of research in the last decades. The main
objective of resource allocation is to define how to efficiently assign users with the

needed resources assuming certain objectives in time-space varying environment.

RRM problem can be formulated as an optimisation problem with certain objective
function and constraints. For OFDMA, different classes for dynamic resource allo-
cation strategies have been proposed in literature [76], namely rate adaptive, margin
adaptive, and utility-based algorithms [76]. In rate adaptive resource allocation, the
objective is to maximise the total data rate for the whole system while keeping the
total power consumption under certain target value. In this class of resource allo-
cation schemes, the sum capacity provides a good indication of the whole system
performance, however it does not give insight on each users satisfaction, for example
in time-varying channel environment the system sum rate of the whole system can
be maximised by choosing the best channel condition for every user and assigning
the subchannel to this user, however, users suffering from bad channel conditions
will be deprived of resources they require, giving rise to long term unfairness. To
overcome this limitation, it may be possible to impose additional constraint dictating
minimum rate per each user. Another way to deal with this is to modify the objective

function by incorporating weights ensuring fairness among users, as implemented in
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proportional fairness scheduling [76]-[78].

On the other hand, for margin adaptive, the objective function is to minimise the total
transmission power while satisfying the required rate per each user (or sum rate in the
system) in order to guarantee minimum QoS. In the third class, which is utility-based
resource allocation, the objective function is mathematically formulated to reflect the
system preference, such certain QoS measure [77]-[79]. It is worth mentioning that
energy efficiency has also been adopted as an objective in the resource allocation
strategy, whereby the energy efficiency (or energy consumption) is maximised (or

minimised) subject to given constraints.

Scheduling is another functionality to deal with multiuser systems. In time division
multiplexed networks, where the time is divided into time slots, scheduling process
decides which user to be served at each time slot [76]. Scheduling decision is made
based on channel condition and their QoS requirements. When only CSI is consid-
ered, the scheduler always selects a user with best channel condition, and is called
as maximum rate scheduler (Max.Rate), which is well known to provide maximum
system throughput and result unfairness among users. Round robin (RR) is another
classical class of scheduling algorithm which is proposed mainly to guarantee fairness
among users, wherein the time is divided equally evenly among users to be served.
However, RR results in loss in system throughput. Between these two extremes, pro-
portional fairness (PF) scheduler has been proposed to balance between throughput
maximisation and fairness guarantee. In PF, at each time slot the system schedules

a user k € K, where IC denotes the set of users, such that

K

_ Ry, (t)

(2.36)

where Ry(t) is the instantaneous rate of user k, and Ry(t) is the average rate until

time slot t. Ry(t) is adaptively updated according to the rule

Rult) = (1 — ) Balt = 1) 4

1

DR, (237
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Figure 2.10: An example of scheduler in a BS, where ); is the arrival packet rate
of Ith user, ) is its queue, and g is its assigned rate based on QoS exponenet § and
its channel state H.

1

+ is constant that controls the average window size [76].

where

It is worth mentioning that various scheduling algorithms tailored for certain objec-
tives have been proposed in literature, especially in cross-layer based schedulers. In
cross-layer approach, the parameters of higher networks layers are incorporated in
the physical layer transmission strategies as illustrated in Fig. 2.10. For example,
when an arrival packet is to be served within time interval such as voice packet,
queue information state (QSI) should be considered by the scheduler such that high
priority is given for such an urgent packet [79], [80]. One way to incorporate QSI in
the scheduling process is through QoS exponent parameter 6, as discussed previously,

which can be obtained through an estimation process, for more detail refer to [16].

2.7.3 Inter-Cell Interference Coordination (ICIC)

In OFDMA cellular systems, inter-cell interference coordination (ICIC) technique has
been considered as a promising strategy to avoid inter-cell interference in the downlink
multicell scenario [81]-[83]. In this technique, a cluster of neighbouring cells coordinate

their resource management strategies, whereby orthogonal resource block resources
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Figure 2.11: SFR and FFR frequency pattern.

are allocated to their overlapping highly interfered regions. Two main variants of ICIC
strategies are proposed; Fractional Frequency Reuse (FFR) and Soft Frequency Reuse
(SFR) [81]-[83]. In FFR, the whole spectrum is divided into two groups, w, and w,. for
cell-edge region and cell-centre region, respectively, where w = w, + w,. w,. is reused
at each cell centre region, while w, is further partitioned among the neighbouring
cells [81] as can be seen in Fig. 2.11. On the other hand, in SFR, the spectrum is
divided into N subbands. SFR allows utilisation of full spectrum reuse in the cell
centre region with low power levels, while the cell-edge users can use only 1/N with
high transmit power [83]. FFR and SFR are first introduced as static ICIC strategies.
However, the static strategies often penalise the system performance in ever-changing
operating environment due to failure in adaptation to traffic load variation. On the
other hand, dynamic FFR and SFR are flexible to traffic variations and can better
balance the spectrum resources between cell edge and cell centre users, thus providing

near optimal performance at the cost of additional high complexity [83].
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Chapter 3

Analysis of Multicell MIMO
Networks with Power Control and

Coordination

This chapter investigates the coverage probability and effective capacity for downlink
MIMO random cellular networks. The system performance is analysed for different
scenarios; power control, SU-MIMO, MU-MIMO, and coordinated MIMO. Analytical

expressions for coverage and effective capacity are derived for these scenarios.

3.1 Introduction

With the rapidly growing number of smart phones and the ever-increasing demands
for services such as web browsing, multimedia services, and video streaming, future
wireless networks are expected to support high data rate services with diverse QoS
requirements [1], [84]-[86]. The delay-sensitive applications impose the challenge of

the service reliability, where different delay QoS requirements are to be guaranteed to
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the end users [85]. As a response to these challenges, a great part of research has been
devoted to develop highly spectrally efficient wireless network technologies [86], [87].
Consequently, wireless networks nowadays tend to be more densified with aggressive
frequency reuse [86]. However, this comes at the price of higher inter-cell interference
experienced by users at the cell-edge, resulting in degradation in system performance

of the currently deployed mobile systems.

The framework adopted for evaluating cellular systems is mainly based on the con-
cept of Shannon capacity. Shannon capacity dictates the maximum achievable data
rate achievable in the system with arbitrarily small error probability [88]-[89], and is
related to coverage, which is the distribution of SINR in the cellular system. While
this information-theoretic framework is suitable for an analysis of system spectral
efficiency, it does not impose any delay QoS constraints. Thus, for future wireless
network with diverse delay QoS requirements, it is necessary to account for delay QoS
constraints when analysing the whole system performance [90]-[92] so as to evaluate
the the system capability of QoS provisioning. To this end, a powerful concept termed
as effective capacity is proposed in [16], it gives maximum arrival rate that a given
service process can support so that a QoS requirement specified by a certain QoS
measure can be guaranteed [16]. Hence, it gives the statistical QoS guarantees [14],
where delay is required to be lower than a threshold value only for a certain percent-
age of time. The effective capacity is known to be the dual of effective bandwidth

previously studied in wired networks[15]-[91].

Using this effective capacity concept, the delay-QoS constraint is characterized by the
QoS exponent 6 such that a small value of 6 corresponds to a looser QoS constraint (no
delay constraint), i.e. (system can tolerate an arbitrarily long delay), and the effective
capacity is reduced to Shannon capacity. While a larger value of 6 corresponds to the

case of stringent delay QoS constraint [92].

Based on the effective capacity concept, various scheduling and power allocation
schemes are proposed for single cell scenario. In [92], [93], the optimal rate and power

adaptation policies are analysed for effective capacity maximization in cognitive ra-
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dio systems. In [89], the trade-off between power and delay is characterised assuming
only noise with no interference. In [16],[94], TDMA-based scheduling scheme for cel-
lular networks is developed. In [94], [96], it is shown that when the QoS constraint
gets looser, the optimal power allocation converges to the classical water-filling that
achieves Shannon capacity, while it converges to the scheme operating at a constant
rate, i.e., channel inversion. For efficient QoS provisioning, the two main wireless re-
sources, i.e. power and bandwidth, should be very efficiently utilised, and algorithms
for this purpose are introduced in [95], [96]. In this regard, power control has also
been utilised to guarantee that SINR is above a target value required to maintain
wireless communication, hence resulting in better QoS. All the aforementioned works
are only limited to single cell scenario, hence, they do not consider a cellular systems
with inter-cell interference, where the inter-cell interference has non-negligible im-
pact. Besides, there is a noticeable lack in research considering the effective capacity
in multicell scenario. To bridge the gap in this area and characterise delay QoS using
effective capacity in interference-limited cellular networks, analytical framework is

necessary from this perspective.

The traditional deterministic multicell models, namely hexagonal, lattice, and Wyner
models, have been extensively utilised for evaluating cellular networks performance [97].
However, in reality, BSs are generally non-regularly-deployed; therefore the determin-
istic hexagonal models are not sufficient for predicting the real system performance.
Moreover, hexagonal and lattice deterministic models do not allow tractability in the
analysis [97]. The inadequacy of the aforementioned models has motivated the re-
search towards using random spatial models for analysing cellular systems [97], [98].
The advantage of random spatial models is that they allow analytical tractability
and lead to closed-form or semi closed-form expressions for the main system perfor-
mance metrics, such as capacity, coverage probability. Furthermore, they are more
accurate for analysing densely-deployed networks that are rapidly gaining interest

nowadays [97].

Power control is an important technique, which has been widely studied in multicell

networks. Power control to compensate the effect of small-scale fading is studied in
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[99], however, such power allocation strategy requires the knowledge of instantaneous
CSI at each scheduling instant, hence imposing heavy feedback signalling. Moreover,
the signal attenuation due to path-loss may outweigh the signal deterioration caused
by small-scale fading. Thus, small-scale fading based power control may not always
be the suitable strategy for QoS provisioning, and therefore it is worth considering
distance-based power control that keeps the average SINR at a certain level necessary
to signal decoding. Distance-dependent power control is proposed for downlink sys-
tems in [100], [101], and uplink systems in [102]. In [101], discrete power allocation

scheme is proposed for ad hoc systems.

Unlike the aforementioned works, in this chapter MIMO downlink random cellular
system employing fine-grained (continuous) distance-based fractional power control
is studied, whereby coverage probability and effective capacity for this system are
analysed. The locations of BSs are modelled as homogeneous spatial PPP [97],[98],
whereby stochastic geometry provides mathematical tools for dealing with such ran-
dom processes. Two scenarios are considered for cellular networks. In the first sce-
nario, it is assumed that distance-based power control is employed by each BS when
transmitting to its respective users, and it is assumed that no coordination among
BSs to cancel the interference takes place. Under this scenario, two cases are inves-
tigated; SU-MIMO and MU-MIMO. In SU-MIMO, a BS serves only one user over
single frequency-time slot via MRT technique, thereby, providing spatial diversity.
For MU-MIMO, on the other hand, the system utilises ZF technique to spatially mul-
tiplexes several multiple users data for simultaneous transmission, this technique is
known under the name of space division multiple access (SDMA). Minimum mean
square error (MMSE) precoding can also be used for SDMA, but it is analytically
difficult, while MRT and ZF are amenable to analytical tractability, and represent the

main two extremes of beamforming strategies as described in the previous chapter.

In the second scenario, its is further assumed that several BSs can form a cluster
and coordinate their transmission so as to cancel the inter-cell interference at the
unintended users by using coordinated beamforming (CBF) technique. Although,

cancelling out interference is beneficial in general, however, it comes at the price
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of loosing degrees of freedom. Therefore, the analysis is conducted based on coor-
dination range (the relative distance between the serving and last BS involved in
coordination). The coordination range can generally determine whether it is more
useful to coordinate or it might be better to transmit using the maximum eigen
mode of transmission channel. For both scenarios, analytical expressions are derived
for coverage probability, which is an important performance metric in the classical
information-theoretic approach. To characterise the delay QoS, analytical expression
for effective capacity is derived based on coverage probability analysis. Henceforth,
coverage probability analysis is introduced first, and, subsequently, effective capacity

is derived. In summary, the main contributions of the chapter are as follows

e [t studies and analyses the coverage probability and effective capacity for MIMO
cellular systems employing distance-based fractional power control and no mul-
ticell coordination is assumed. Two cases have been considered and analysed;
SU-MIMO and MU-MIMO. Analytical expressions are derived for coverage
probability, subsequently the effective capacity is derived in terms of cover-
age probability. Moreover, closed-form expressions are derived for Laplace term

accounting for interference for spacial cases power control factors.

e [t studies and analyses the coverage probability of MIMO cellular systems em-
ploying interference cancellation using multicell MIMO coordination. The cov-
erage probability is defined as a function of coordination range inside which the
coordination takes place. Analytical expression is derived for coverage proba-

bility of such scenario.

e The locations of BSs are modelled as random PPP model for both scenarios,
where we use tools from stochastic geometry to analyse coverage probability

and effective capacity.

The remainder of this chapter is organised as follows. Section 3.2 describes the sys-
tem model of the analysed cellular system. Section 3.3 presents the main results of
coverage analysis for SU-MIMO and MU-MIMO with power control and no interfer-

ence cancellation. In Section 3.4, the analytical result of coverage probability with
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interference cancellation is presented. In Section 3.5, analytical expression for effec-
tive capacity is introduced. Section 3.6 presents simulation and numerical results.

Finally, 3.7 summarises the chapter.

3.2 System Model

Consider a downlink multicell cellular system, where the BSs, each equipped with N,
are positioned in a two-dimensional horizontal plane as a homogeneous spatial PPP
® with density A. In PPP, the number of nodes, e.g. BSs in a given bounded area A
is a random variable (r.v.) following Poisson distribution with their positions being
uniformly distributed. Thus, the cell boundaries are shown to be Voronoi tessellation
[97], as shown in Fig. 3.1. Since a homogeneous PPP is considered, the statistics
evaluated for every node in the system will be similar. Hence, the analysis will be
performed based on a typical user at the origin. This is justified by Slivnyak’s [97],
(98], which states that the statistical properties observed by a typical point of the
¢ are similar to those observed by a point at the origin in the process ® U {0}.
The BSs distances from this typical user are given according to the homogeneous
PPP, ® = {r;,k € N}, on the two dimensional plane R?, where r; denotes the
distance from the kth BS. The user is assumed to be associated with the nearest
base station denoted as BS; and located at distance r; from it. While all other

BSs (BSk, k € @) are regarded as interferers to this user as shown in Fig. 3.1.

Notice that the distance between a typical user and the kth BS is a r.v. following
generalised Gamma distribution given by [103]

2

2(Ar?)*
(k)

— AT

fri(r) = (3.1)

It is also assumed that each user is equipped with a single-antenna.

Assuming that each user is able to estimate its downlink channel perfectly and feeds
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Figure 3.1: An illustration of random network configuration, BSs are distributed
randomly in two-dimensional space, and each BS has several queues for packet accu-
mulation. The scheduler serves a user (or multiple users in MU-MIMO) according to
a scheduling rule that should incorporate 6 of the user.

CSI back to its serving BS by means of dedicated pilot signal. If the user is assumed
to be helped through coordination it should also estimate its channels to K — 1 BSs
and feed them back to its serving BS, whereby they are conveyed to the other BSs
through delay-free unlimited capacity links.

Denote the downlink small-scale channel vector between the typical user and kth BS
as hy = [hy,...,hy,] € C>M where each component of hy are an independent and
identically distributed (i.i.d) complex Gaussian r.v with zero mean and unit variance,
i.e. CN(0,1). Two types of beamforming techniques, i.e. MRT and ZF, are considered
for SU-MIMO and MU-MIMO, respectively, which are defined as follows

1- MRT Beamforming: MRT beamforming vector is constructed such that it is

aligned to the channel direction, i.e. if the channel vector is h, the beamfomer
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is constructed as [73].

hH
- 1 2
V= Th] (3.2)

2- ZF: for MU-MIMO, let H = [h;',h;',...h?(]H denote the aggregate channel
matrix of K users. The ZF beamforming vectors vy, ..., v can be chosen to be

the normalised columns of the matrix [73]
V =H'=H"HH" (3.3)

For interference cancellation via CBF, a BS with NV; can cancel interference for
up to K = N; — 1 users using ZF technique. As an example for a given nth user
with channel vector h,,, the beamforming precoder vector can be obtained by

projecting the vector h,, on the null space of h,, = [th, ...,h" h:;'ﬂ, s hm 4 [106]

n—1»

Vo= (I—P; )h, (3.4)

n

where Py~ denotes the projection on ﬁn, given as Py, = h

The channel distribution of MIMO link is quite different from single antenna link.
For single antenna links, the channel is exponentially distributed for both direct and
interfering links. While for the link from multi-antenna BS to a single-antenna user
the channel distribution depends on the MIMO transmission technique and whether
a BS is serving or interfering. This is because when transmitting to a user, the BS
precodes its signal for its intended user, hence resulting in different effective channel

distribution from the case when it acts as an interferer.

The effective channel of direct and interfering links denoted as gy and g;, respec-
tively, where g, =| vih;, |?, are an i.i.d r.v. following gamma distribution, i.e.
['(A,1) and I'(W, 1), respectively [104]. A and ¥ are the shape parameters of gamma

distribution.
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Now, the main two scenarios studied in this chapter are described as follows

e Fractional power control and no coordination: in this scenario, it is assumed
that the system does not implement multicell coordination, while employing
distance-based fractional power control. Two cases are studied under this sce-
nario; SU-MIMO and MU-MIMO. Each BS makes use of power control to
compensate for path-loss attenuation experienced by its served user. More
specifically, each ith BS allocates power proportional to the user distance, X",
where 1 € [0, 1] is the fractional power control factor, and X; represents the dis-
tance from ith interfering BS to its served user. Likewise, for MU-MIMO each
user is allocated power proportional to its distance from the BS. Since X; = r;

@1 Moreover, the

the desired signal power at the typical user becomes gory
interference power from each interfering BS becomes (X{*)"g;r; “. Thus, a user
closer to its serving BS demands less power than required by a user farther
away. Under this system model, the SINR can be written as

a(n—1)

SINR = % (3.5)
where I = 3. 4 /{BS:1} XMgir7 is the aggregate interference experienced at the
typical user, and o2 represents the additive noise power which is assumed to
be constant. Note that for SU-MIMO using MRT, A = N, and ¥ = 1, while
for MU-MIMO utilising ZF, we have A = N; — ¥ + 1, where V¥ is the number
of users served by MU-MIMO. It is worth noting that for single antenna links,
A = U = 1, which is equivalent to exponential distribution, the interested

reader can refer to [104] for more details.

e Multicell coordination: in this scenario, it is assumed that a cluster of BSs
denoted by the set B = {BSy, ..., BSk} are able to coordinate their beamforming
to eliminate inter-cell interference at each unintended user. For simplicity in
analysis, let use assume SU-MIMO and n = 0, however the analysis can be

straightforwardly generalised to MU-MIMO and any power control strategy.
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Thus, SINR for such scenario becomes

goPri®
o2+ 1,

SINR =

where P is the transmit power, and

I, = > g Pr7 (3.7)
i€®/{BS1,...BSk}
is the aggregate inter-cell interference from all BSs except the set B. Recall

that go ~ T'(A, 1) and g; ~ T'(¥, 1), with A = N, — K + 1 and ¥ = 1 [104].

3.2.1 Effective Capacity

Now, the concept of effective capacity concept (FE.) is briefly introduced. Consider
a queuing system of a typical BS with constant arrival rate as shown in Fig. 3.1.
The arriving packets are stacked in the buffer for transmission in time slot T, over a
subband of bandwidth denoted as W. The statistical delay QoS for this system can
be defined as the probability for the queue length of the transmitter buffer exceeding
a certain threshold x decays exponentially as a function of z, therefore the QoS

exponent @ can be defined as [92]-[93]:

09— tim In(P(q(oc0) > z))

T—00 x

(3.8)

where P(z) denotes the probability of event z, and q(t) denotes the buffer length
at time t. Notice that § — 0 implies no delay constraint required in the system,
whereas 6 — oo corresponds to system with a strict delay constraint, therefore 4 is
considered as the delay QoS constraint of the system [16]. Accordingly, the E. is
defined as [16]:

L G S T (E{eaii RM}), nats /sec/Hz] (3.9)

—0 n—oo Nl
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where R[i] is the transmission rate in time slot ¢ defined as:
Ri] = TSWhl(l + SINR), [nats/sec/Hz| (3.10)

Hereafter, we assume T,W = 1 [92]. Assuming that the stochastic service process
is independent and identically distributed (i.i.d) process, i.e. stationary and ergodic

process, E. in (3.9) can be simplified to [92]-[95]

E. = —ém (E{e—eRW}) = —%m (E{l + SINR}Q) (3.11)

Thus, QoS can be incorporated in the scheduling process of the system by interpret-
ing 6 exponent as the QoS requirement. Thereby, the effective capacity is maximised
for a given 6 instead of the conventional approach in which the throughput is max-

imised subject to delay constraint.

3.3 Coverage Probability Analysis: No Interfer-

ence Cancellation

In this section, analytical expressions are derived for coverage probability for a typical
user in MIMO system. The coverage of SU-MIMO with power control is introduced
first, then we proceed to analyse the coverage of MU-MIMO. The coverage probability,
i.e. the probability of achieving the target SINR 7 at the typical user can be defined
as P[SINR > 4], which is equivalent to the complementary cumulative distribution
function CCDF of the SINR [102]. Coverage probability can also be interpreted as
the average fraction of the network area (users) for which (for whom) SINR is greater

than 7.
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3.3.1 Coverage Probability with SU-MIMO

Focusing the attention on the coverage probability of SU-MIMO with power control,
an upper bound for coverage is introduced in the following proposition.
Proposition 3.1: The upper bound on the coverage probability for SU-MIMO sys-

tem employing distance-based fractional power control, PV, is given by:

Ny
N > 2, = a(l— 2
P < :( t>(—1)m+1 / omAr e~ I TN e b (Corag)dry (3.12)
m 0
m=1

where
N (2—an) yo
mqr Xan 2 2 o va
¢ = (N))™, and
. e (an)ne(ap)y 2"
pEg(ar, . ap; by, ..bg; 2) = me (3.14)

n=0

is the hypergeometric function, where (a), denotes the Pochhammer symbol repre-

senting the falling factorial [105].
Proof: See Appendix A.1.

The lower bound for the coverage probability can be obtained by setting x = 1.
Furthermore, it can be observed that the bound is closed for single-input single-
output (SISO), i.e. Ny = 1. The expressions in the above results involve double
integrations, however the expectation in (3.13) can be further simplified using the
following corollary.

Corollary 3.1: For the (3.13), closed form expressions can be obtained for special

cases defined below:
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When ae = 4,17 =0, ¥ is given by:

2_
_nme g (1,0.5; 1.5: —
oa—2

" f‘ym@%)

™

(3.15)

Proof: See the Appendix A.2.

Note that this case corresponds to constant power allocation. Furthermore, following
the same steps in Appendix A.2, (3.13) can be obtained in closed form for other two
special cases. When a = 4,717 =1, ¢ is given by:

_ 29m(¢ 1 4ym(
Y = O )2(a = 2)4F1 (1,0.5, 1.5,2;1.5; —(M)%) (3.16)

This case corresponds to full-channel inversion. When o = 4,n = 0.5, ¢ is given by:

ym( Am(
= ———""—3F(1,05,2;1.5,— 3.17

@D )\7’(’(05—2)3 1 ( ) ) 4 ) W)\T%) ( )
This case corresponds to the fractional power control. For the other values of o and

7, the integration should be evaluated numerically.

3.3.2 Coverage Probability with MU-MIMO

When the system utilises SDMA to serve multiple users, a number of W users can be
served simultaneously over the same frequency band and time slot. Since the users
have different positions from the BS, each user will be allocated an amount of power
based on its distance from its serving BS. This, however, may lead to more analysis
complexity. For tractability of analysis, let us assume that the set of scheduled users
served via SDMA are located on equal distances from their serving BS, hence, they
will be allocated the same amount of power. Alternatively, it can be also assumed
that the users are located at different distances from the serving BS, however, they
will be allocated an equal amount of power which is proportional to farthest user
distance from its serving BS. These assumptions significantly render the analysis

more tractable.
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In the following proposition, an exact analytical expression of coverage probability
for MU-MIMO is presented.

Proposition 3.2: The coverage probability of a typical user served via full-SDMA
in MU-MIMO employing distance-based fractional power control is given by

F = / 2mArye (P ) o (—2m ) dry (3.18)
0
where
N4 2—ma mom — —..a(l-n)
U 1 man 9 2 XN
S (e 22
= \m ma — 2 o] « 51
(3.19)

Proof: See the Appendix A.3.

It is worth noting that the expectation in (3.19) can be obtained in closed form in
special cases as in Corollary 1. Note that the above result is tight for full-SDMA,
i.e. the number of users served by each BS is equal to the number of transmit
antennas (A = N;—W+1). Otherwise, an upper bound should be sought for coverage
probability in a similar manner to that of SU-MIMO analysis.

3.4 Coverage Probability with Multicell Coordi-

nation

In this section, coordinated MIMO is considered, whereby the effect of interference
cancellation on coverage probability is studied and analysed. Let us consider a cluster
of BSs denoted as B = {BSl, e BSK} that are able to share CSIs of their respective
users, and coordinate their transmission beamforing. Since the main focus here is
on the interference cancellation and its impact on coverage, only SU-MIMO and
constant power allocation 1 = 0 are assumed for this case. However, the analysis can

be straightforwardly extended to MU-MIMO and general fractional power control
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cases.

For the sake of tractability of analysis, a new parameter p is introduced to designate
the coordination distance ratio, it is defined as the ratio of the user distance to its
serving BS; over its distance to the first interfering BSg, i.e. p = ™. This parameter
defines the coordination range inside which the interference is to be eliminated using
coordinated beamforming technique. Moreover, this parameter sheds light on where
the coordination strategy is more beneficial than transmission with no coordination.
Although the analysis can be conducted by averaging over all randomness involved in
the assumed scenario, the analysis will be set out based on the conditional coverage
probability for a given value of p. The following proposition gives the conditional

probability of coverage.

Proposition 3.3: The upper bound of coverage probability in cellular systems em-
ploying interference cancellation using coordinated-MIMO and conditioned on p with

path-loss a = 4, PB(p), is given as

A K—1
(A7) (Am)"(2G( p A+
PCB < m+1 ) -
“0) < G T 2 () S G (3.0)
(3.20)
where:
A (G (7, p) + 1))
6.(3.) = (22) 5 T(n -+ Dexp (LTETL 2 D)
47
2 _
X D_(n11) Z/\W(G(%p) +1) (3.21)
_ mryp~ 2 2 .
G(y,p) = o1 (1,1 — =52 — = —mrAp (3.22)
oa—2 o) o)
o*mrAy
Z = 2
" (3.23)
where k = (A)YA) and A = — K + 1. D_, denote the parabolic cylinder

function defined in [105], [107].
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Proof: See Appendix A .4

3.5 Effective Capacity Analysis

In this section, analytical expression are introduced for effective capacity. The effec-
tive capacity can be expressed in terms of coverage probability, and thus it will be
defined as a function of the key system parameters; BSs density, path-loss, power con-
trol policy, and antenna number. For multicell setting, the effective capacity quantifies
the average of maximum arrival rate supportable by a system with inter-cell interfer-
ence. It can also be interpreted as (i) the average of the maximum arrival rate that
the system can support for a randomly chosen user, (ii) the average fraction of users
for whom the maximum arrival rate can be supported, (ii) the average fraction of the
network area for which the maximum arrival rate can be supported. The following

proposition gives the effective capacity expression.

Proposition 3.4: For a given QoS exponent 6, the upper bound of effective capacity

in multicell cellular systems can be approximated by:

E. ~ _%m (1 - nzi;wn f(:cn)> (3.24)

where z,, and w,, are the nth zero of the Hermite polynomial H,(x,) of degree N, and

the corresponding weight of the function f(.) at the nth abscissa, respectively [105].
-1

The f(z,) is the coverage probability of the system with 5 = mk(z, — 1).

Proof: See Appendix A.5
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Figure 3.2: Simulation results of coverage probability of SU-MIMO, (N; = {1,2,4},
n=1{0,1}, 02 = 0).

3.6 Numerical Results

This section provides the simulation and analytical results of coverage probability
and effective capacity for both considered scenarios. To simulate PPP model, we first
consider a bounded area of 10km®. The density of BSs in this area is A = 1/(30000%72)
BS per m?. The number of BSs follows Poisson distribution. Then, the BSs are
distributed uniformly on the bounded area. The points distributed as such represents
one realization of point process. Grid model is also considered by assuming uniformly
spaced square area of BSs. For simulation purposes, 36 BSs are positioned at regular

distance from each other.

In Figs. 3.2(a) and (b), analytical expressions of coverage probability of SU-MIMO
are compared with grid simulation for different antenna number for power control
factors n = 0, 1, and assuming interference-limited case, i.e. 02 = 0. It can be clearly
observed that the analytical expressions excellently approximate the simulation of
coverage probability over the entire range of signal-to-interference ratio (SIR) of

interest.

Similar observation can be made about Figs. 3.3 and 3.4 that show the comparison

of simulation and analytical results of MU-MIMO system and coordinated MIMO,
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Figure 3.3:
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respectively, assuming o? = 0. It can be clearly noticed that for both cases the analyt-

ical expressions approximate the coverage probability for different antenna numbers

and entire range of (SIR).

The analytical results in Figs. 3.5 and 3.6 compare between the cases of zero and

non-zero noise. Small gap can be observed in MU-MIMO between ¢ = 0.1 and 0% —

0 cases over the entire range of (SINR) and slightly larger in SU-MIMO. This confirms

the fact that the noise is not a crucial issue in densely-deployed cellular networks, in

which the regime is almost interference-limited, and therefore noise can be neglected
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Figure 3.6: Analytical results of coverage with non-zero noise, (n = 0.5, 0 = {0,0.1})

in these scenarios.

Figs. 3.7(a) and (b) depict the coverage probability of SU-MIMO and MU-MIMO,

respectively, as a function of power control strategies n = 0,0.25,0.5, 1, and antenna

number N; = 2,4. It can be clearly observed the fact that for all n values, the coverage

probability decreases with the increase of transmit antenna N; in MU-MIMO (full

SDMA) scheme, while increasing with SU-MIMO as shown more clearly in Fig. 3.8,

that compares between both schemes for different power control factors and N; =

2. This is due to two reasons: firstly, ZF utilised in SDMA to cancel intra-user
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Figure 3.7: The analytical results of coverage probability for SU-MIMO and MU-
MIMO, respectively for various fractional power control strategies are shown in both
cases. (n=0,0.25,0.5,1, N; = {2,4}, 0% = 0).

interference causes loss in degrees of freedom, hence degrading the signal quality.
Secondly, more interference is generated with the increase in number of users served

via SDMA.

Despite the decrease in both coverage and average user rate with MU-MIMO scheme,
the scheme serves more users and may results in higher sum rate in the system. This
presents another delicate trade-off inherent in wireless systems between area spec-
tral efficiency measured in (bits/sec/Hz/m?) and user-link spectral efficiency given
in (bits/sec/Hz). Noticeably, both SU-MIMO and MU-MIMO have an identical per-
formance in terms of power control strategies; the coverage probability of both is
highest with fractional power control in low SIR threshold values, while the constant

power allocation provides the best performance in higher SIR values.

Now, the discussion is focused on the impact of power control strategies on coverage
probability in both SU-MIMO and MU-MIMO schemes. Constant power 17 = 0 is con-
sidered as the the reference of comparison. It can be clearly observed that for both SU-
MIMO and MU-MIMO cases the constant power allocation almost gives comparable
performance (coverage probability) to the cases (n = 0.25,7 = 0.5) in low SIR thresh-
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Figure 3.8: Comparison between SU-MIMO and MU-MIMO for different power con-
trol strategies; (n = 0,0.5,1, Ny = 2, 02 = 0).

olds, while outperforming all other power control strategies in high SIR values.

The largest coverage probability in the lower 50 percentile is provided by n = 0.25
followed by n = 0.5 before crossing below n = 0 case at 8.5 dB and —4 dB for
SU-MIMO and MU-MIMO (with N; = 2), respectively. The difference in coverage
for n = 0,0.25,0.5 is almost negligible in the low SIR thresholds. As 7 increases
towards 1, the coverage decreases accordingly. The case 1 provides the lowest coverage
across the entire range of SIR thresholds. The effect of power control can be fully
explained by concentrating on the performance of cell-edge users relative to the cell-
centre and the intrinsic trade-off between their performance. Cell-centre usually enjoy
good channel conditions and are not susceptible to strong interference. Thus, they are
typically noise-limited, and reducing the transmit power inevitably reduces their SIR.

Considering this fact, constant power control is the optimal power strategy.

On the other hand, cell-edge users typically more susceptible to high interference
(interference-limited case). Hence, employing high power control factors such asn = 1
results in an increase in their SIR, while relatively reducing the transmit power of
cell-centre users served by neighbouring BSs (interfering BSs). This disparity becomes
more noticeable with high 7 values. Consequently, there is a delicate trade-off between

increasing interference experienced by cell-edge users and reducing interference from
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Figure 3.9: Comparison between coordination using CB and no coordination using
MRT for different p values, (N; =2, P =1, 0% = 0).

cell-centre users at the neighbouring cells, giving rise to the fact that fractional values

of n provides the highest coverage values for the majority of users.

Now, its is assumed that a typical BS serves only one user, i.e. SU-MIMO, but uses
the rest of its degrees of freedom to cancel the interference on the users in neighbouring
cells. Fig. 3.9 provides the coverage probability of coordinated MIMO as a function
of p, and compares between no coordination with coordination schemes. As previously
discussed, coordination causes loss in degrees of freedom and thereby lowering SIR.
This loss of degrees of freedom may be disadvantageous when the nearer interferers
are far away from the user, therefore, in this case, no coordination, i.e. transmitting
through MRT, is preferable as it exploits the whole degrees of freedom provided
by the system. This case corresponds to the lower values of p as shown in Fig. 3.9.
However, when the interferes get closer, i.e. p = 0.95, coordination becomes necessary
to enhance the coverage for the system. When p = 0.8, for low SIR thresholds
MRT performs better than CB before crossing below CB curve in —6 dB, where CB
outperforms MRT.

Fig. 3.10 depicts the performance of E. for SU-MIMO and MU-MIMO as a function

of power control factor. Similar to the coverage probability, the performance of E, for
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Figure 3.10: Comparison of effective capacity of both SU-MIMO and MU-MIMO
systems for different power control strategies; (n = 0,0.25,0.5,1, 0% = 0).

SU-MIMO scheme is noticeably better than that of MU-MIMO due to the same reason
mentioned previously. Notice that when 6 gets larger, E. approaches 0, suggesting
that the system is incapable of supporting the arrival rate when the delay constraint

is very stringent.

For both schemes, it can also be clearly observed that for low delay constraintsi.e. § —
0, lower power control factors provide comparable performance with the strategy
of n = 0 being the best over all. When delay constraint gets more stringent 6 — oo ,
fractional power control strategy outperforms the others, in particular n = 0.25 yields
the best performance. Note that the strategy of 7 = 1 gives the worst performance
over the entire range of 6 values. When the delay constraint gets looser, i.e. small 6,
it might be better to transmit with power control factors less than 0.25. While in
case of stringent delay constraint, transmitting with power n = 0.25 provides the best
performance. These observations suggest that fractional power control of n < 0.25 is

the best strategy among all others for enhancing E. in interference-limited scenarios.

The impact of power control factor on E. can be understood by noticing the behaviour

of E. with respect to . When the delay constraints # becomes more stringent, the
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best power policy is to compensate for the path-loss and keep the rate as fixed as
possible calling for using power control factor 0.5 > n > 0. Although a strategy
with large values of 6 keeps a user with fixed SIR (hence fixed rate), it cause strong
interference to the cell-edge of neighbouring cells or deprive cell-centre users from

high SIR gain that is necessary for QoS guarantee.

3.7 Chapter Summary

This chapter studied and analysed coverage probability and effective capacity in
MIMO downlink cellular networks employing distance-based power control. Using
spatial PPP model, tractable, analytical expressions for coverage probability and ef-
fective capacity are derived for two system scenarios; a scenario of fractional power
control and no multicell coordination and a scenario with multicell coordination. The
numerical results shows that for coverage probability, the strategy of power control
factor n < 0.25 is the best in low thresholds, while constant power allocation out-
performs the others in high thresholds. Moreover, for effective capacity the constant
power allocation strategy performs better in low QoS constraints, while fractional
power control factors, i.e. 1 < 0.25, outperforms the other strategies in high QoS
constraints. Numerical results also reveal that coordination performs better when
the interferers are close enough to the served user, while MRT is better when the in-
terferers are far enough from the served user, hence suggesting that suitable adaptive

strategy yields better perfromance as will be proved in the next chapter.
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Chapter 4

Adaptive Coordination Inter-Cell
Interference Cancellation in

Cellular Networks

This chapter proposes an adaptive coordination and inter-cell interference cancella-
tion strategy for downlink cellular network. This technique exploits coordination on
frequency domain while cancelling interference on space domain using MIMO. Two
variant schemes are presented for such an adaptive interference management strategy.
Analytical expressions are derived for coverage probability and average rate for both

schemes.

4.1 Introduction

Since the inter-cell interference has been regarded as the major challenge facing
densely-deployed mobile networks with aggressive spectrum reuse [56], [81], [108],

there has been extensive research addressing this problem in the last few years. Var-
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ious approaches including scheduling, power control, and multicell coordination have
been proposed in [56], [59], [60], [66] to minimise the inter-cell interference. Multicell
MIMO is considered as an effective approach to eliminate inter-cell interference, and
two variants have been proposed; cooperative MIMO and coordinated MIMO. In the
cooperative MIMO, a number of neighbouring cells cooperate to form a cluster and
operate as a one giant BS working effectively to manage the interference by utilising
spatial domain [56], [59], [60], [66]. With the cooperative MIMO, the system utilises
all the degrees of freedom and, thus, all BSs in a cluster transmit to all users. Using
cooperative MIMO to manage the interference, however, requires both data and CSI
of users in different cells to be exchanged among the BSs within a cluster; thus, a
tight synchronization and low latency is required along with overhead signalling [56],
[60]. Nevertheless, cooperative MIMO has attracted a great deal of attention, and

various techniques and approaches have been proposed [56], [59], [63] in this context.

On the other hand, for coordinated MIMO, a group of BSs exchange only CSIs of
their users and coordinate their beamforming strategies accordingly [64], [66], [67].
More specifically, each BS serves only its own users but attempt to cancel interference
on the users in other cells. Although coordinated MIMO requires overhead signalling
less than that of cooperation, it still consumes significant amount of resources. To
overcome the problem of overhead signalling, distributed schemes are proposed in [63],
[67]. In [73], a low complexity coordination strategy is proposed to suppress the inter-
cell interference. The authors proposed an adaptive strategy where a cluster of BSs
jointly select beamforming techniques. Closed-form expressions are derived for two
cells scenario for the proposed strategy selection. In [74], the authors extended the
work in [73] to user scheduling and proposed a strategy selection to maximise system
throughput. Following the same line of reasoning, strategy selection for cooperation
scheme is proposed in [111], where different strategy transmission is adopted based

on user location.

The cluster of BSs can also use a frequency domain method, instead of spatial domain,
to mitigate inter-cell interference using ICIC techniques [81], [109]. In ICIC, each cell

allocates its spectrum resources such that interference created is minimised [81], [109].
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FFR and SFR are two variants of ICIC techniques [109]. The basic idea of ICIC is
to partition the cell area into inner and outer regions and divide the bandwidth used
in each cell such that orthogonal resources are allocated for the outer region users in
overlapping cell-edge areas, hence reducing the interference experienced by cell-edge
users [109]. ICIC techniques can remarkably improve system spectral efficiency and
outer region users throughput [109], [110]. It is worth emphasising the difference
between two terms used in this thesis, i.e. interference cancellation and interference
coordination. The first term is used to refer to the process of cancelling interference on
space domain by using coordinated MIMO technique, whereas the later term refers to
interference mitigation implemented on frequency domain as mentioned above. It can
be noticed from all aforementioned works that no joint interference cancellation and
interference coordination is considered. Besides, all were restricted to only specific
cellular system geometry. Thus, these works based their analyses on the deterministic
grid or lattice cellular models, which is an optimistic and unrealistic assumption.
Since deterministic models are unamenable to analysis, and due to the fact the wireless
networks are randomly deployed, there has been a growing interest in considering
random networks. Stochastic geometry approach provides elegant mathematical tools
for dealing with such random systems [29], [112]. Thereby they are effectively utilised
for deriving expressions for coverage probability and average rate in cellular systems
(98], [97]. This approach is, while being much more tractable, proven to be as accurate
as a hexagonal or a lattice based cellular system models. The stochastic geometry has
been used to analyse the performance in different network scenarios. Thus, in [113]-
[116], multicell cooperation is analysed assuming random system layout. In [116],
asymptotic analysis using large deviation results are conducted to study cooperation
in cellular networks. In [117], single-antenna multicell coordination is analysed for
the asymptotic regimes, but the authors do not consider coordinated MIMO. In [118],
successive interference cancellation technique is analysed in heterogeneous networks,
but the work does not consider coordinated MIMO as well. In [119], [120], user-
centric coordinated MIMO is considered. In [119], quantised channel feed back is
analysed and optimised in random clustering. In [120], performance of coordinated

beamforming with dynamic clustering is characterised. The authors assume a cluster-
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based coordination defined for a given user. However, [119] and [120] only assume
interference cancellation strategy which is not necessarily an optimal choice as will
be explained in the subsequent sections. Moreover, these works do not consider other

approaches such frequency-based coordination strategies.

Unlike the aforementioned works, in this chapter, multicell coordination strategy is
proposed for downlink cellular systems to mitigate interference on both frequency
and space domain. More specifically, this strategy combines interference cancellation
enabled by coordinated MIMO with ICIC on space and frequency domains, respec-
tively. On space domain, the system adaptively switches between MRT and CBF
techniques, where the adaptation takes place over different spectrum bands accord-
ing to the user channel condition. Two schemes for this strategy were proposed; the
first scheme considers a priority of enhancing the performance of inner region users,
while the second scheme yields better fairness between inner region and outer region
users. We use stochastic geometry approach to derive analytical expressions for cov-
erage probability. The numerical results reveal that this strategy can significantly

outperform any other strategy with only CBF strategy.
The main contributions of this chapter are summarised as follows:

e Firstly, an adaptive scheme is proposed for multicell coordination in which each
cell area is divided into an inner and outer region with different spectrum bands
being utilised over these regions. Users in the outer region served via CBF

strategy. While users in the inner region are served through MRT only.

e Secondly, another adaptive scheme is proposed where the same cell regions are
considered but with different frequency planning and coordination strategies.
More specifically, a user in the outer region is served through MRT while being
helped by other BSs, i.e. they cancel the interference experienced by the user.
Whereas a user in the inner region scarifies some of its degrees of freedom to

help outer region users in other cells. However, this inner region user is not

helped by other BSs.
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e For both proposed schemes, stochastic geometry tools are utilised to model the
BSs positions as a homogeneous PPP. Following this approach, a tractable,
statistical model is introduced to evaluate the system performance with such
adaptive strategies. For a typical user, we derive analytic expressions for SINR
distributions in both schemes as a function of the main system parameters,
namely path loss, BS density, number of antennas per BS. Then, an expression

for average rate is derived in both schemes.

The remainder of this chapter is organised as follows. Section 4.2 describes the pro-
posed system model as well as the proposed adaptive coordination strategy. Section
4.3 presents the proposed adaptive coordination strategy, its two schemes, the main
results of coverage analysis for the two proposed schemes, and the analytical expres-
sion of average rate. Section 4.4 presents numerical results of the proposed strategy.

Finally, 4.5 summarises the chapter.

4.2 System Model

Consider a downlink multi-carrier multicell cellular system. BSs are positioned in a
two-dimensional horizontal plane as a homogeneous spatial PPP ® with density . In
PPP, the number of nodes, e.g. BSs in a given bounded area A is a random variable
(r.v.) following Poisson distribution with their positions being uniformly distributed.
Thus, the cell boundaries are shown to be Voronoi tessellation [112], as shown in
Fig. 4.1. Since a homogeneous PPP is considered, the statistics evaluated for every
node in the system will be similar. Hence, the analysis will be performed based on
a typical user at the origin. This is justified by Slivnyak’s [29], [112], which states
that the statistical properties observed by a typical point of the ® are similar to those
observed by a point at the origin in the process ® U{0}. The BSs distances from this
typical user are given according to the homogeneous PPP, ® = {ry, k € N}, on the
two dimensional plane R? [112] where 7 denotes the distance from the kth BS. The

user is assumed to be associated with the nearest base station denoted as BS; and
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Figure 4.1: Distribution of BSs in a two-dimensional plane with cell boundaries form-
ing a Voronoi tessellation, with each user associated with the nearest BS. Each cell
has an inner and outer region where the inner region is illustratively given the shape
of a circle.

located at distance r; from it. While all other BSs are regarded as interferers to this

user as illustrated in Fig. 4.1.

Each BS has N, antennas, while users are equipped with only single antenna. It
is also assumed that a set of K neighbouring of BSs form a cluster and employ
coordination over both space and frequency for the sake of interference management.
For a cluster, the spectrum is partitioned into two groups of subbands w,. and w,

dedicated for regions A and B, respectively as shown in Fig. 4.1.

Each BS classifies users into inner and outer region user based on signal to noise and
interference ratio (SINR) threshold value ¥,. Users with SINR greater than 7, are

classified as inner region users, and otherwise outer region users.

In this system set up, it is considered that the channel between the user and any
BS experiences small-scale fading and path-loss. Although shadowing can also be
assumed here, however, it has been proven in [121] that the distribution of SINR
for a typical user is invariant with respect to an additional fading distribution with

the PPP assumption, given that a network is represented by a sufficiently large ho-
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mogeneous point pattern. Thus, the impact of both path loss and small-scale fading
on the received signal are sufficient to be considered in the analysis while adding the

shadowing is irrelevant in this case.

Assuming that each user is able to estimate its downlink channel perfectly and feeds
CSI back to its serving BS by means of dedicated pilot signal. If the user is assumed
to be helped through coordination it should also estimate its channels to K — 1 BSs
and feed them back to its serving BS whereby they are conveyed to the other BSs
through delay-free unlimited capacity links.

Let us denote the downlink small-scale channel vector between the typical user and
kth BS as hy = [hy, ..., hy,] € CM where each component of hy, are an independent
and identically distributed (i.i.d) complex Gaussian r.v with zero mean and unit
variance, i.e. CN'(0,1). The transmit signal satisfies E{| z |*} < P. While z as the
additive Gaussian noise such that z ~ CN(0, 1).

It is considered that each BS uses one of the following two main beamforming tech-

niques.

1- MRT Beamforming: as discussed in Chapter 3, if the channel vector is h, the

MRT Beamforming is constructed as v = ﬁ

2- CBF': similar to CB discussed in Chapter 3, for a given nth user with channel
vector h,,, the CBF vector can be obtained by projecting the vector h,, on the

null space of h, = [hi, . bl hl '”7h]|—\|fjH:

v, = (I— Py )h, (4.1)
where Py, is defined as the projection on fln, given as Py = ﬁ: (flnfl: )*lfln

[41], [73].

As previously discussed, the multiplication of the channel and beamforming vectors,
i.e., | vihy |? is an i.i.d r.v. following gamma distribution, i.e. I'(A, 1), where A is a

parameter depending on the beamforming strategy and is given by A = N, — K + 1,
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where K is the number of BSs participating in coordination [103]. If CBF is used for
cancelling interference experienced by N; — 1 users then A = 1. The desired received
signal for a typical user at the origin is given by P | vi'h; |2 r[®, where « is the path
loss exponent. The aggregate interference resulting from the other BSs is given as
I'=3 oy P Ivih [277% In [103], it is proven that, for the interfering links, the
product of channel and beamforming vectors is gamma r.v., i.e. | vith; |2~ T'(1,1).
For notational convenience, let | vi'h; |* and | vi'h; |?> be denoted as g, and g;,

respectively. Therefore, the received signal to interference and noise ratio is defined

as:
Pg,ri®

o2+ 1

SINR = (4.2)

where I = >, 40,y Poir; , and o? is the noise power.

4.3 Adaptive Interference Coordination and Can-

cellation

Now, the proposed schemes of the adaptive strategy are presented. As discussed
previously, the strategy is implemented on both frequency and space domain. Suppose
that the whole spectrum is partitioned based on reuse factor K into subbands with
equal bandwidths, the set of which is given by F = {fi,..., fx}. Denote A as the
number of BSs sharing the same subband in the outer region. Then, the proposed

schemes are described as follows:

1- Inner-MRT Outer-CBF (IMOC): In this scheme, cells in a cluster re-utilise
the subbands allocated for users in inner and outer regions. Let w, € {f1} rep-
resent the subband shared by K cells in their outer region, i.e. the BSs in
one cluster use the same band in their outer region, thus, A = K. Then,
w. € F/{f1} will be shared in their inner regions. Depending on the channel
quality, CBF and MRT techniques are implemented on subbands w, and w.,,

respectively. Thus, if the user has good channel condition, it will be consid-
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ered as an inner region user, and the transmission is performed based on MRT
beamforming. Otherwise, if it suffers from high interference (and thereby de-
graded channel condition), it will be regarded as an outer region user where
CBF is implemented in transmission instead. Thus, K BSs coordinate toward

each other to eliminate interference from K users.

Inner-CBF Outer-MRT (ICOM): In this scheme, the kth cell uses the sub-
bands w. € F/{fr} and w, € {fx} for its inner and outer region, respectively,
in a similar fashion to that of spectrum partitioning in SFR. For example, when
K = 3, the BS; uses w. € F/{f1} and w, € {f1} for its inner and outer re-
gions, respectively. The BS, utilises w. € F/{f2} and w. € {f2} for its inner
and outer regions, respectively. Likewise for BSs, it uses w. € F/{f3} and
we € {fs} for its inner and outer regions, respectively. In this case, A = 1,
because there is only one BS using single subband in the outer region. There
can be also assumed varying degrees of spectrum reuse in the outer region, such

as A = 2, in which, for example, BS; and BS, can use w, € {f;}, while BS,

uses w, € {f3}.

Denote B as the set of all K BSs, and B; as B; = B/{BS;}. For a given
subband f;, define the set of beamforming strategies on subband f; as Sy, =
{MRT, CBF(B;)}, where CBF(B;) is the strategy that all BSs in the set B; are
doing CBF towards a user associated with BS; on f;. Then, an outer region user
associated with BSy is served via MRT on subband w,. While its inner region
user is served via CBF(B;),7 # k. For example, on subband f;, the BS; utilises
MRT, i.e. it doesn’t coordinate, while other BSs in the set B; use CBF(B;), i.c.
they coordinate toward it. Thus, in contrast to IMOC, different beamforming
strategies can be employed by the BSs on each subband. The justification for
this is the fact that the user in the inner region usually enjoys good channel
condition, then it is affordable to sacrifice some of its degrees of freedom for
the sake of cancelling out interference experienced by an outer region user in a

neighboring cell.
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4.3.1 Coverage Probability Analysis

Coverage probability is an important metric characterising the system performance.
A typical user is said to be covered if the downlink instantaneous signal-to-interference
and noise ratio SINR is greater than a threshold value 4. The coverage probability,
which is equivalent to the CCDF of the SINR, can be defined as:

P, =P(SINR > ¥) (4.3)

In general case and regardless of any adaptive coordination and cancellation tech-
niques, the coverage probability of a typical user assuming multiple antenna trans-
mission is given by the following theorem:

Proposition 4.1: The coverage probability, P., for a typical user in downlink MIMO

channel is given by:

N
ron d" %;(s)
P = Eﬁ — Y A 4.4
(et (4.4
where #(s) represents the Laplace transform of I, and I = o2 + I which can be
obtained as in (B.8), and s = r¢.

Proof: See Appendix B.1.

4.3.2 Coverage Upper Bound With The IMOC Scheme

As previously mentioned, a user is identified as an outer region user if its SINR
is smaller than threshold %, on subband w,., otherwise it is regarded as an inner
region user. Therefore, the coverage probability of a typical user in inner region is

conditioned on SINR < 75, and the conditional probability is expressed as

P Pgg®
P(SINRipner > 91 | SINR > 35) = ]P’( Il o 5| 2 72)

o2+ 1 o2+ 1
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where 77 is the new threshold for inner region user. In the following proposition, the
coverage probability for a typical inner region user is introduced.

Proposition 4.2 (IMOC, inner region user): The upper bound of coverage proba-
bility of a typical inner region user in the IMOC scheme, Pioci(91, Y2, A), is given
by :

Z ( )(—1)”+1 fooo riexp(—A,ry — (1 + 2¢(s,))r?)dry
S (M) (= 1)mHt [ rexp(—Agrs — TA(L + 20 (s2))rd)dry

Pivoc,i(1, 92, A) <

(4.5)
where A, = 5,02/ P, s, = n{; max{y1, Yo}, Az = 5202/ P, s5 = m(y72, and
Sn 2 2
oo = 20 (11 22 2 (46)

Proof: See Appendix B.2.

The coverage probability given above is a function of the main system parameters.
Note that the integral in (4.5) is for de-conditioning with respect to r;. While the
expression in (4.5) holds for any system parameters values, it can be derived in a
closed-form expression for the case of & = 4 as in the following corollary.

Corollary 4.1: For path-loss value o = 4, the upper bound of Piioc (71, Y2, A) can

be obtained as:

Pvoc,i(Y1,72:A) £ =

where G(x) is defined as:

G(sn) =

D_,(.) is the parabolic cylinder function which can be calculated by D_;(z) =
\/_ e’/ 4erfc( ) for v = 1, where erfc(z) is the complementary error function and
defined as: erfe(z) = \/—E [ e~¥dt [107].
Proof: See Appendix B.3.
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Now, the attention is turned to the outer region user and proceed to derive the
upper bound of coverage probability for this case. As described previously, a user
is considered as an outer region user if its SINR is smaller than a predetermined
threshold, i.e. SINR < 75, and is therefore allocated a new subband w, and helped
by neighbouring BSs through CBF technique.

P Pgari®
P(SINRouter>71|SINR<’72):P( ol >y | =t <72)

o2 +1 o2+ 1

Similar to the previous chapter, for the subsequent analysis, the parameter p is de-
fined as the ratio of the distance between the typical user and its serving BS; over its
distance to the BSg, p = :—11( This parameter allows us to incorporate rx through ry
and p, and, hence, making the analysis more tractable. Now, let us proceed to derive
the coverage probability conditioned on p, then we de-condition on it. The following
proposition gives the coverage probability upper bound.

Proposition 4.3 (IMOC, outer region user): The upper bound of coverage proba-
bility for the typical outer region user in the IMOC scheme conditioned on p with

coordination being employed, Pivoc,e|p(71, V2, A), is given by:

Pinioc,elp(F15 725 A) <
Ti(p, Y1) — Yalp, 71, Y2)

4.9
1—27\ ZZ; (];ff)(—l)m“ Jo" rexp(—Agrg — wA(1 + 24p(s5))rf)dry (4.9)
where:
Nl N oo
Tl(P; :}/1) — 27\ Z ( 1) (_1)n+1 / rle—fhr‘l"—7r)\(1+21/1(53)/p2)rfdT,l (410)
n 0
n=1
Ta(p, 71, 7%2) =
N1 N3
N N: > - r—mAr
27T)\;7nz_1 ( nl) (nf) (_1)n+m/0‘ rie (A1+A2)r§—mX %Q(pr,Sl, Sz)d?"l
(4.11)
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where

—27t\ [TK (17+)l/dll =27t [ (1— L X 1 vdr
Qs pr s, 53) = M (- mmsgme v 2o 5 (- e sl ) (4 19

where 9(.) is defined in (4.6), and A; = s16%/P, s; = n(1y1, s3 = np*(1y1, and
K =11/p-

Proof: See Appendix B.4.

The integrations in the above expressions can be easily numerically evaluated. Fur-
thermore, for the special case of @ = 4, the terms T (p, J1) and denominator can be ex-
pressed in closed-form expressions similar to Corollary 1. Note that the T (p,¥;) rep-
resents the conditional coverage probability of coordinated-MIMO with no adapta-
tion. p sheds light on the advantage of interference cancellation. The case p — 0 cor-
responds to the nearest interferers being far away from the user, in which case no
interference cancellation may outperform IMOC. When p — 1, this implies that
the nearest interferers are close to the user, thereby interference cancellation becomes
more useful. In contrast to the inner region user case, the outer region user suffers
less interference due to employing interference cancellation as can be seen from the
Laplace transform in (B.13). However, this comes at the price of losing some of the
degree of freedom. Arguably, although interference cancellation may not always lead
to better performance with such loss in the degrees of freedom, the simulation and
numerical results reveal that the coverage probability of an outer region user in IMOC

is worsen with such loss in degrees of freedom.

To de-condition the coverage expression in (4.9) on p, we use the following corollary.

Corollary 4.2: The unconditioned Pioc.e(71,%2, A) is given by:

Pivioce(Y1, 92, A) <

2(K —-1) Zf\il wix; (1 — a7)K2 (Tl(xiﬂl) - Tz(ﬂ?z’ﬂl,%))
1—27\ 222:1 (]7\;2)(—1)7”+1 fooo riexp(—Aar® — wA (1 + 2¢(s9))r?)dr

(4.13)

where x,, is the nth zero of the Hermite polynomial H, (x) of degree N, w, is the

corresponding weight of the function f(.) at the nth abscissa [105], [107].
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Proof: See Appendix B.5.

4.3.3 Coverage Upper Bound With The ICOM Scheme

Similar to the IMOC scheme, in ICOM scheme the spectrum is partitioned into two
groups of subbands w,. and w, for inner region and outer region, respectively. Recall
that, an inner region user associated with BS, is served via CBF(B;), i # k on subband
w.. While an outer region user is served via MRT on subband w, € {f;}. Hence, the
user sacrifices some of its degrees of freedom to help other cells users, which can be
afforded because the inner region user usually enjoys good channel quality. Thus, in
contrast to IMOC scheme in which high priority is given to the inner region users,
ICOM scheme provides better fairness between inner region and outer region users.
The expression of coverage probability can be obtained by following the same previous

procedure in subsection 4.3.2 so the discussion will be concise.

Proposition 4.4: The upper bound of coverage probability for a typical inner region

user in the ICOM scheme, Picoa,i(71, 72, A), is given by

Picom,i(71, 72, A) <
ZNl Na (Nl) (NQ)(—I)"+7" fooo riexp(—(Ay + Ag)r® — (1 + 2¢(s1))r?)dry

n=1 m=1 \n m

ZZ; (NQ) (—1)m+1 fooo riexp(—Aorf — wA(1 4 2¢(s9))rf)dry

m

(4.14)
where Ny = N; — A, and ¥ (s,,) is given by (4.6)

Proof: See Appendix B.6.

Obviously, in ICOM scheme the received power of inner region user will be less than
that of IMOC scheme due to loss in degrees of freedom required for coordination
while benefiting the outer region user as in the following theorem. The upper bound
of the coverage probability for the outer region user in the second scheme is given by

the following proposition.
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Proposition 4.5: The upper bound of coverage probability for a typical outer region
user in the ICOM scheme, Picom,e(71,72, A), is given by (4.13) with Ny = Ny — A+ 1.
Proof: See Appendix B.7.

Recall that A, 1 < A < K, denotes the number of lost degrees of freedom in ICOM.
The case of A =1 implies that there is only one BS transmitting by MRT technique
in the cluster of coordinating BSs. Hence, the case will be equivalent to the frequency
pattern in SFR. The case of A > 1 means that the subband w, is reused in the outer
regions of A BSs, then the BSs serving outer region users will transmit with partial
interference cancellation in which the interference is cancelled from A outer region
users. ICOM allows adjacent BSs to serve inner region users on the same subbands
used by adjacent outer region users, while attempting to coordinate toward them.

Thus, the CCDF is similar in structure to Pivoc,e, and only N, differs in expressions.

4.3.4 Average Rate

In modern cellular mobile networks, the average rate is the most important perfor-
mance metric. Here, the average user rate is derived using the same technical tools

used for deriving coverage probability.

Assuming adaptive modulation and coding such that the a typical user can achieve

the data rate given in nats/Hz. The average rate of an outer region user is given by:
R =E{In(1 + SINR)} (4.15)

The next proposition provides an expression for the average rate of a typical outer
region user in the IMOC scheme. For the other cases, the same procedure can be
followed.

Proposition 4.6: The upper bound of the average ergodic rate of a typical outer
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Figure 4.2: Comparison between simulation results and derived analytical results for
a typical outer region user and an inner region user in IMOC scheme, respectively
(P=1,aa=4,5% =1dB).

region user in IMOC scheme, Riyioc.e, iS given by:

EIMOC,e < / Pivoce(e' — 1,72, \)dt (4.16)
t

>0

where Piyvoce(€f — 1,72, A) is given by (4.9).
Proof: See Appendix B.8.

4.4 Numerical Results and Discussion

In this section, the analytical results of coverage obtained based on PPP model are
compared with the simulation of both PPP and grid models. The system performance
and the influence of the key system parameters on system performance on coverage
probability will be discussed thoroughly. While the results presented in Section 4.3
hold true for general system parameters, i.e. path-loss exponent and noise power, the
cases, « = 4 and 4, = 1 dB, are considered in the simulation and numerical results.

The transmission power is assumed to be constant in all cases and normalised to
P=1.
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Figure 4.3: Comparison between simulation results and derived upper bounds analyt-
ical results for inner region in ICOM scheme for different number of transmit antennas
(P=1,a=4,5% =1dB).

To simulate PPP model, a bounded area of 10km? is considered. The density of BSs
in this area is A = 1/(30000 * %) BS per m?. The number of BSs follows Poisson
distribution. Then, the BSs are distributed uniformly on the bounded area. The
points distributed as such represents one realization of point process, then a single
value of coverage probability is obtained by averaging over 10° iterations. A grid
model is also considered in the simulation assuming uniformly spaced square area of
BSs. For simulation purposes, 36 BSs are positioned at regular distance from each

other.

In Figs. 4.2(a) and (b), a comparison is made between the CCDFs of SINR of inner
region user and outer region user in the proposed IMOC scheme, respectively with
PPP and grid models. It is assumed that 02 = 0, parameters setting (; = 1 and {; = 1
for inner region user and ¢; = 1 and ¢, = (Ny!)~Y/"2 for outer region user. It can be
clearly observed that the grid model is more optimistic and gives the upper bound on
coverage probability. This is due to the regular layout of BSs in grid model and the
restriction of minimum distance between BSs, resulting in an optimal geometry from
coverage perspective. While PPP model, on the other hand, is indeed a lower on the
achievable coverage. The reason is that in PPP model the BSs number and distances

between BSs are both random, and therefore strong interference can be generated
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Figure 4.4: Comparison between simulation results and derived analytical results for
outer region in ICOM scheme for different number of transmit antennas (P =1, =
4,9 =1 dB).

from nearby BSs. The analytical expressions give an excellent approximation results

in between for the entire range of 7s.

Similarly, in Figs. 4.3 and 4.4, a comparison is shown between the CCDFs of the
SINR of the inner and outer region users in the proposed ICOM scheme with PPP
simulation model assuming 0 = 0 and setting the parameters values ¢; = (N;!)~+/M

and (; = 1 for inner region user and ¢; = 1 and (, = (No!)~V/M2 for outer region user.

Fig. 4.5 depicts the coverage probability of a typical inner region users in both
schemes. While the coverage in the ICOM scheme is shown to be less than that
of the IMOC scheme due to loss in degrees of freedom, this, however, leads to an ad-
ditional improvement in the coverage probability of outer region users in other cells,
and, thus, reflecting the trade-off between outer region and inner region system per-

formance. This point will be explained further in the discussion related to Fig. 4.6.

Fig. 4.6 depicts the coverage probability of a typical outer region user in both schemes.
It can be clearly seen that noticeable improvement in coverage probability by about 7

dB or more can be achieved with ICOM scheme, while less coverage can be achieved
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Figure 4.5: CCDF of typical inner region user in IMOC and ICOM schemes for
different number of transmit antennas (P =1,a = 4,9, =1 dB,o? = 1).

with the IMOC scheme. The improvement in coverage stems from the fact that the
outer region user in the ICOM scheme now enjoys two advantages; better quality in
the desired signal due to exploitation of most degrees of freedom by using MRT tech-
nique and substantial interference reduction offered by neighbouring BSs. Reducing
interference, however, comes at the price of losing degrees of freedom, thereby causing
reduction in the inner region user coverage and average rate. If the inner region user
enjoys good channel condition, it may yet have high coverage, though less than that
of IMOC scheme. That is to say the coverage of inner region user in a cell is decreased

for the sake of improving the coverage of outer region users in other cells.

Considering the aforementioned observation, the system may have different objectives
and priorities. If the desired goal is to maximise total system rate, then IMOC scheme
may be a better choice. However, when its is assumed that the system presumes
minimum rate for each user including those on the cell boundaries, ICOM scheme

may fit well this purpose.

Fig. 4.7 shows the trade off between inner region user rate and the outer region user
rate in IMOC and ICOM schemes, respectively. As can obviously noticed, better

trade off is the one in which most outer region user rate can be obtained as a return
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Figure 4.6: Comparison between inner region and outer region users in IMOC and
ICOM schemes. The gap between CCDFs of SINR of inner region and outer region
users is smaller in ICOM (P =1,a = 4,7, = 1 dB).

for least loss in the inner region user rate. When N; increases, better trade off can
be achieved for a given number of coordinated BSs K, where less rate of inner region

user is lost.

Generally interference cancellation does not always play an important role in enhanc-
ing system performance, even though it plays significant part in enhancing system
performance at the cell edges. More specifically, it could worsen the signal of outer
region users when the interference reduction does not outweigh the signal quality

reduction due to loss in degrees of freedom.

Now, a comparison is made between the proposed schemes of adaptive-CIIC and non
adaptive coordination strategy introduced in [120]. In [120], a non adaptive coor-
dinated beamforming is analysed wherein a cluster of BSs coordinate regardless of

other cell’s users positions without any adaptation in implementing coordination.

In Fig. 4.8, the coverage probability of a outer region user are plotted for three
strategies; IMOC scheme, ICOM scheme, and non adaptive coordination. It can
be noticed that the ICOM scheme leads to better coverage amongst the others for
thresholds less than 2 dB. Intuitively, this can be inferred from the fact that the IMOC
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Figure 4.7: Trade off between average rates of inner region and outer region user in
IMOC and ICOM schemes, respectively (P = 1,a = 4).

scheme and non adaptive strategy causes unnecessary lose in the degrees of freedom,
particularly when the network is more sparse or when the user enjoys very good
channel condition. While, in the ICOM scheme, via suitable spectrum management
and adaptation, the degrees of freedom can be better utilised, since losing degrees
of freedom for one user in a cell can be allowed if that user is located in the inner
region of the cell where the users naturally have good channel quality, therefore they
can afford losing some of their degrees of freedom. On the other hand, when the
user is on the cell boundaries where its channel quality usually is not good enough,
it may be more helpful to exploit all degrees of freedom in the transmission toward
him. It is worth mentioning that in the IMOC scheme implementing coordination is
conditioned on a threshold value, which is assumed 1dB in the simulation. However,

the larger the chosen threshold value is, the greater coverage probability becomes.

The impact of threshold values 7, on coverage can be noticed from Figs. 4.9 and 4.10.
It can be observed that low threshold values result in lower coverage and high values
leads to higher coverage. As an effect, 75 can be set as a system design parameter,
and may be chosen based on traffic load distribution, i.e. low 75 for low outer-region
users traffic and high 45 for high traffic load. It can be also observed that the impact
of 45 on coverage is diminishing for higher 7s, i.e. the increase in coverage for low 7,

is higher than that with high 45 values.
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4.5 Chapter Summary

In this chapter, an adaptive strategy is introduced based on frequency space domains
to mitigate and cancel inter-cell interference, respectively. Using PPP model, two
scheme are developed and analysed for this purpose. Tractable expressions for upper
bound of coverage probability are derived for both schemes, which can be easily
utilised for deriving average user rate. The numerical results confirm that a strategy
based on the ICOM scheme can yield better coverage; consequently it results in better
system performance while achieving better fairness between outer region and inner
region in a cell. In short, the best choice is to allow only those users enjoying good
channel conditions to scarify some of their degrees of freedom, while letting the users
at the cell edges to enjoy full diversity with interference being perfectly eliminated.
Furthermore, this strategy has low overhead requirements since CSI is required only at
the serving BS and the neighbouring BSs that are involved in the process of cancelling

the interference toward the user.
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Chapter 5

User and Multimode Selection in

Multicell MIMO Cellular Networks

This chapter investigates multicell scheduling for coordinated MIMO cellular net-
works. Low complexity algorithms are proposed for user scheduling. In addition,
multimode scheduling scheme is developed. The proposed algorithms are analysed

and compared with optimal solution obtained by exhaustive search.

5.1 Introduction

Alongside with spectrum reuse, MU-MIMO has the potential of increasing system
capacity by exploiting extra degrees of freedom offered by space domain. Multiple
users can be served simultaneously on the same frequency band through spatial mul-
tiplexing and precoding techniques. The channel can be decomposed into multiple

parallel spatial subchannels to transmit multiple spatial data streams [126].

The number of users that can be served by MU-MIMO is constrained by the transmit
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antennas. Hence, user selection needs to be implemented to choose the best spatially
compatible users (their channels are uncorrelated) so that inter-user interference can

be efficiently eliminated.

Various algorithms are developed for user selection [41], [127]-[134]. For ZF, greedy
user selection algorithms based on null-space successive projection and capacity-based
metric are proposed in [41] and [127], respectively. For BD, capacity-based and
Frobenius-based greedy algorithms are developed in [128]. However, these algorithms
incur high complexity due to using frequent singular value decomposition (SVD) and
waterfilling. To overcome this limitation and avoid the unreliability caused by dealing
with large concatenated matrix, a novel algorithm to iteratively select users is intro-
duced in [130]. The algorithm is based on the idea of null spaces intersection where
the precoder matrix of each user is obtained iteratively and sequentially to eliminate
the inter-user interference and thereby incorporating it in user selection. Strategies
based on angle between subspaces are proposed in [131]-[133]. This approach accounts
for the spatial compatibility between users and relatively incurs less computational
complexity. The authors of [133] utilise the iterative procedure in [130] to introduce
an algorithm for user selection based on principal angle between subspaces. The idea
of principal angle is further utilised with a different selection criteria based on capac-
ity bound in [132]. These works assume that users utilise all their receive antennas.
However, when the user has more antennas than can be served, a set of user antennas
must be selected for transmission. Antenna selection combined with user selection is
addressed in [134], [135]. In [134], a simplified scheduling for antennas and user selec-
tion is proposed MU-MIMO systems. While in [135], an adaptive strategy (multimode
selection) for allocating varying number of spatial streams among users is developed
employing capacity-based metric. More specifically, antennas and user selection are
jointly performed so that an optimal subset of users and receive antennas are selected

to maximise the sum capacity thereby it can better exploit multiuser diversity.

In the aforementioned works, the focus has been mainly on single-cell scenario and,
therefore, losing practicality where the interference can not be ignored. As previ-

ously discussed, MIMO can be utilised on multicell level to combat inter-cell inter-
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ference [56], whereby coordinated MIMO and network MIMO [56] have been widely
considered. In the first scheme, a cluster of BSs coordinate their beamforming trans-
mission such that the interference is cancelled at the users served by neighbouring
cells [67], [136]-[137]. In this strategy, global CSIs of users in neighbouring cells must
be exchanged among BSs. Whereas, in the later, a cluster of BSs act as a one giant
BS jointly transmitting to their users so that the system can be viewed as a MU-
MIMO [62], [138]-[141]. In this case, data as well as CSIs must be exchanged among
the cells. Obviously network MIMO comes at the price of high cost in terms of control

and data signals exchange [56].

Unlike the aforementioned works, in this chapter, the problem of user scheduling in
multicell setting is addressed. Assuming the number of users in each cell is larger
than that can be served, the problem considered here is how to select users in the
cells with the best spatially separated channels such that the sum rate of the system
is maximised. Furthermore, in addition to user selection, multimode selection prob-
lem is considered, where users may not all have the same number of spatial streams,
thereby the user selection is implemented across spatial modes. In both cases, solving
multicell scheduling problem brings about high complexity in terms of computations
and overhead signalling. To overcome these limitations, a two-stage distributed mul-
ticell scheduling algorithm is proposed; multicell user scheduling stage and precoding

stage.

In the first stage, the algorithm works on sequential manner such that in each cell,
a BS selects its users based on CSIs of already selected users in other cells. In the
second stage, after selecting the sets of users by BSs, the precoding matrices are
designed for the selected users in each cell. In both stages, each BS works separately
from other BSs, thus no centralised action is required. Furthermore, two algorithm
are proposed for the scheduling stage; in the first algorithm, named as distributed
sequential user scheduling (DSUS), each BS schedules its set of users in its turn, where
in each turn, users are selected such that the space spanned by users channels lies
almost in the null space of the interference channels of already selected users in the

previous cells. The reason for doing so is to suppress the interference more efficiently.
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The process continues until all BSs select their users. In the other algorithm, named
as distributed circular user scheduling (DCUS), users are iteratively scheduled across
the cells. Unlike, the algorithm DSUS, in this algorithm only one user is selected by
the cell in each turn. Having all BSs selected one user per each, in the next round
the process is repeated for selecting one user by each BSs. In each user selection, the
BS takes CSIs of the so far selected users so that it can select another user in the null

space of all users interference channels.

In the first algorithm, the cells have noticeable disparity in the sum rate, where
the last cell in selection order has better performance among the others. While, in
the second algorithm, better fairness among cells can be achieved compared to the
first algorithm. This point will be further illustrated and justified in the subsequent

sections.

In the procedure of multi-cell users selection described above, the order of BS sequence
can be dictated by the system through central unit. Furthermore, no need to exchange

all CSIs of all users among the cells but only of those selected users.
The main contribution of this chapter are summarised as follows:

e Low complexity user scheduling scheme is proposed for multicell setting with
MIMO coordination. The proposed algorithm works on sequential distributive
manner and consists of two stages: multicell scheduling and precoding stage.
Thus, the proposed algorithm can greatly reduce overhead signalling by allowing

only selected users to feedback their CSIs.

e Two variants of multicell scheduling are proposed. The first algorithm has
less complexity but leads to more difference in sum rate among cells. While
the second algorithm results in better fairness in terms of system performance

though with more signalling iteration among the cells.

e The algorithm is extended to multimode selection in addition to the user selec-

tion, whereby the spatial modes are adaptively selected in each cell.
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The remainder of the chapter is organised as follows. Section 5.2 describes the pro-
posed system model and the concept of BD and principal angle. Section 5.3 presents
the problem of multicell scheduling and introduces the proposed algorithms and its
two variants and how theproposed algorithm is extended to multimode selection. In
Section 5.4, fair scheduling is introduced for the proposed algorithm. Section 5.5
presents the simulation results of the proposed algorithm. Finally, conclusions are

drawn in Section 5.6.

5.2 System model

5.2.1 Signal Model and Block Diagonalization

Consider a downlink cellular network consisting of a set of B BSs, where B = {1, ..., |
B |}. Each BS is equipped with N; antennas and serves users equipped with N,
antennas as shown in Fig. 5.1. Suppose that the active set of users to be selected
and served in the BS b is K, € U, where U, is the set of all users in cell b, and denote

ky as an index of a user served by BS b such that k, € K, = {1, ..., | K |}

The downlink channel matrix from set of B BSs to user k; in cell b is given by:
1 2 B
H), = {, /6L HY /B HD . /BEHY )} (5.1)

where H,(;b) e CN"*N¢ s the downlink channel matrix from BS i to UE k, located at BS
b. Each component of H,(;b) is an independent identically distributed (i.i.d) complex
Gaussian random variable (r.v.) with zero-mean and unit-variance. £, = o}, <,
where g,ib and sz denotes path-loss and lognormal shadowing coefficient with standard
deviation g5 between ith BS and k; user, respectively. The transmit data vector of
user ky is given by xy, € CE >t where Ly, denotes the number of spatial streams
allocated for user k;,. The data vector xy, is multiplied by V; x Lj, precoding matrix
Py

, and the resultant signal is transmitted through N; antenna from BS b.
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Figure 5.1: Illustration of coordinated MIMO cellular network, each BS serves mul-
tiple users equipped with multiple antennas

At the receiver side k;, a post-processing matrix Wy, € CN*Liy is employed to
decode the spatial streams at the receiver. Hence, the received signal y,, € Clwpyx1

after post-processing is given by:

|K:b| |K:s|
_ wHy® H p7(0) H )
Vi = kaHkb Pkbxkb + kaHkb 2 : Pibxib + ka 2 : Hkb E Pnsxns
. ~" -~ i —1.4 k 1 b —
desired signal N iw=1ip7kp N s=1,s5%# ns .
intra-cell interference inter-cell interference

+Wiiny, (5.2)

where n is the additive white Gaussian noise (AWGN) such that E{ng,n} } = ¢°L
The second term is the intra-cell interference that comes from transmission to the
users served by the same BS. The third term is the inter-cell interference that comes

from other BSs. To cancel the intra-cell interference, the following should be satisfied:

HUP, =0, Vhy # iy, Vhs iy € K (5.3)
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for cancelling inter-cell interference, the following should also be satisfied:
HYP,, =0, Vky € Ky,ns € K, b# s € B (5.4)

To satisfy the above constraints, firstly the precoding matrix Py, should lie in the

null space of I:IZb which is defined as:

(0 )M )M )M )M
H, =[H" =) HY,  H) M (5.5)

PIREET)

whereas, to cancel out the inter-cell, the precoding matrix Py, should lie in the null

~ (b
space of Héb) which is defined as:

A _ H _ H _ H _ H
H](i‘l;) - [Hgb) 7"'7H2Q17H£?17 7H(£) ]H, Vb 7& S € B (56)
where we define ﬂgb) as
A = |, (5.7)

To obtain the precoders that satisfy the conditions in (5.3) and (5.4), each BS b

concatenates channel matrices of its own users along with interference channels to
. ~ (b ~ (b SO O%

the users in other cells as follows: Denote H;b) as H;b) = [H,(%) ,H( ) JH. Thus, to

nullify both inter-cell and intra-cell interference using BD, the precoder P, must be

constructed such that:

H, P, =0, VbtseB (5.8)

Let lAkb = Rank(ﬁ,(f)) the (5.8) can only be satisfied When Rank(ﬁéb)) < N;. Let the

singular Value decomposition (SVD) of Hk as H,i = Uk,b Akb [ka 1ka 0} :

<(0)

where Ak is the lkb X lkb diagonal matrix, i.e. Ak = diag(At ks AL 4 )s Viga
b’ )

right

contains the first lkb right singular vectors, and Vk,,,o contains the last N, — lAkb

~ (b ~ (b
singular vectors. Therefore, the columns of V/,(%)’0 forms the null space basis of sz).
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~ (b
From Vl(cb),07 the precoding matrix Py, can be constructed such that both intra-cell

and inter-cell interference can be eliminated.

The precoding matrix Py, can be decomposed into three matrices Z,l%, Zib, and
By,, ie. Py, = z,ﬁbzﬁkab, where Z,l% is designed to eliminate intra-cell interference,
therefore it should lie in N (I;I,(j;)) While Zib is designed to eliminate inter-cell in-
terference, thus it should lie in N (ICI,Z)) By, is the matrix holding singular vectors
that maximise data rate. Let ng) denote the effective channel matrix for user £y, i.e.
IIIS) = H,(i)Z,lcbZib. To obtain By, that maximise data rate, we find SVD of H,EZ) as:

b
) Bk (B) 1 r®) ) H
Hkb - Ukb [Akb ; 0] [ka,lvk‘b,o} (59)

where V,(;:))l contains the first right singular vectors, and the columns of which cor-
respond to the orthonormal basis of R(H,(;;)) Thus, by setting By, = V,(:;)l, the
data rate is maximised. The method to design precoding matrices mentioned above
utilises SVD to find the null space for each user. The issue with this method is that
it incurs costly computations. Motivated by the iterative method introduced in [130],
the null space matrices can be obtained iteratively by utilising the idea of null space
intersection [142]. More specifically, consider the matrix that nullifies the intra-cell
interference of user 1, i.e. Zj. Let Zi(i) be precoding matrix Z} after ith iteration,
Z%(i) should satisty that H,(i)Z%(i) =0 for all 1 < k; <i. Then, Z%UH) can be found

as:

7" = 7G (5.10)

where columns of G lie in the null space of Hg?lz%(i), Le. /\/'(Hgi)lZ%m). In the same
manner, the precoding matrices of other users can be obtained iteratively. In each
iteration, the number of columns of Z%(i) is reduced by N,. Algorithm 1 summarises

the aforementioned procedure [130].
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Algorithm 1 Iterative precoder design algorithm
1:i=1,Pl =1y,
2: while i <| K4, | do
3 P =P x null(H;P)).

4 for m=1toi do

5: Update P! = P! x null(H;,,P?)
6 end for

7: end while

5.2.2 Principal Angle Between Subspaces

To utilise the iterative procedure for user selection, an approach based on the angle
between subspaces of users channels is followed. Here, we review the concepts of
principal angle and geometrical angle utilised in this chapter. Assume that i,V C C”
are two nonzero subspaces, the principal angles §; € [0,7/2] between U and V are

recursively defined such that [143]:

cos 0; = max u'lv
ueld,vey
= ullv; i=1,...,m (5.11)
st Ju = v|=1

where m = min{dim (&), dim(V)}, u and v are the vectors that forms the ith principal

angle.
cos(9;) can be defined in terms of the eigenvalues as follows [143], [144]:
cos?(6;) = A (5.12)
~HA~ ~H~ ~ —~
where \; (i = 1,...,m) are the eigenvalues of P; PoP,P; where P; and P, are or-
thonormal basis matrices of subspaces U and V), respectively.

Principal angles can be used as an indication of the degree of spatial correlation.
That is, the larger the principal angel is, the more uncorrelated subspaces are. Thus,

principal angles can be utilised to measure the orthogonality between users channels.
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To fully characterise the spatial correlation between two subspaces, it is beneficial to
consider the concept of geometrical angle. In the following the definition of geometric

angle and its relation to singular values will be given.

Geometrical Angle: For the given subspace U and V, the geometrical angle, i.e. the

angle © = £(U,V) between the two subspaces, is defined as [143], [144].

cos?(0) = H cos?(4;)

~ ~H

— det (P, P,PyP)) (5.13)

cos?(©) represents the ratio between the volumes of the parallelepiped spanned by
the projection of the basis vectors of the lower dimension subspace on the higher
dimension subspace and the one spanned by the basis vectors of the lower dimension

subspace [145].

Based on both principal angle and the previously described iterative procedure, the
authors of [133] propose low complexity algorithm for user selection in single cell
scenario. In the next section, the algorithm is subtly modified and utilised in the

proposed multicell scheduling.

5.3 Multicell User Scheduling Algorithms

In this section, the problem of multicell scheduling that maximise sum rate of the
system is defined. In order to make the analysis more consistent, let us start first with
single cell scheduling and then, subsequently, proceed to define multicell scheduling

problem. The reason behind this can be clarified in the next discussions.
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5.3.1 Single Cell scheduling

In a single cell scenario, inter-cell interference is not accounted for. Hence, as de-
scribed previously, scheduling users can be either implemented with fixed number of
spatial modes being allocated for each user, which corresponds to the conventional
BD, or with varying number of spatial modes per each user, which corresponds to
the multimode selection. In the later case, the selected users may have different
number of spatial modes. One way to implement multimode scheduling is by the
way of antenna selection. In antenna selection, the scheduler should select the best
set of antennas that maximises the sum rate in the system. Multimode scheduling
allows more flexibility in allocating the spatial modes and can substantially improve
data rate by exploiting multimode diversity [135]. Even though throughput of user k,
can be decreased, nevertheless, it frees up the resources so that they can be used by
other users with better spatial channel separation. Hence, in general, the sum rate of

conventional BD/multimode scheme in single cell is written as

[0 H pp(OH
= ] I+ —H'P PHH 14
b ICbEMmILI;i}I(’kb’ka kbEZICb Og2det< +O'2 ko kakb ko™ Tk (5 )
s.t.

|KCp|

> Ly, <N, Vb e B (5.15)
ky

[KCo|

> otr(Q,,) <P vbe B (5.16)
k=1

Where | Ky | and L;, are the maximum supportable number of users served by
each BS and the number of spatial modes allocated to user k;, respectively. For
conventional BD, L;, is fixed, i.e. L,, < N, , and for mulimode selection it can take
the values 0 < Ly, < N, for each user at each scheduling instant. Q,, and P are
the transmit covariance matrix of size Lj, and the total transmit power allowed for
each BS, respectively. Note that the covariance matrix Q,, can be determined by

waterfilling over the non zero eigen modes of the effective channel. However, it is
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well known that equal power allocation performs as good as waterfilling in high SNR
regime. Thus, we will consider equal power allocation and for the rest of analysis,
then we have Q;, = (P/ ZL’C” Ly ), <1, -

In general, only exhaustive search can solve this problem by searching over all pos-
sible sets of users/spatial modes, which is, however, highly computationally costly.
Therefore, suboptimal low complexity algorithms 2 and 3 are proposed for both con-
ventional BD and multimode user scheduling schemes, respectively. In the following

discussion we briefly explain the algorithms and how they work.

a) Scheduling with fized number of spatial modes (conventional BD): when the
transmission from the BS to each user utilises all available receive antennas at
the users, no antenna (or multimode) selection is needed and L;,, = N,. Hence,
the channel matrix between BS b and the user &y is sz € CNxNe - Accordingly,
scheduling can be implemented to choose the best highly uncorrelated users

channels.

In [133], a greedy user selection algorithm based on principal angle is proposed
for single cell setting. The algorithm introduces a metric for user selection
based on iterative procedure used in [130]. We modify the algorithm so that
it can be easily utilised as a part of the proposed multicell scheduling algo-
rithm. Consider a cell b, at the initialisation step, the algorithm computes the
null space of other cells users interference channels denoted as N, and uses it to
compute ,u,(ct) for all users in the cell. Then it selects the first user k, in cell b sat-
isfying (5.17), and the precoding matrices W and Z]gb) are initialised according
to step (4). Our modifications primarily lie in two steps; firstly in the metric
selection in (5.17), whereby the null space of interference channels N is included
in product of eigenvalues, and secondly in step (4) of the algorithm to update
the null space of selected user’s matrices W, which will subsequently affect the
selection metric given by (5.18). The inclusion of N yields further intersection
with null space of other users interference channels. Note that Z, and W, are

the sets of selected users and unselected users, respectively. At the ith iteration,
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the algorithm selects the ith user satisfying (5.18). After the user is selected,
the Z,, W, and W are updated accordingly. The modified algorithm is detailed
in Algorithm 2.

Algorithm 2 Iterative greedy user selection algorithm

1: Initialisation: W, = {1,...,| Wy |}, Z» = ¢, matrix of interference channels null
space N.
2: Gy, = row(H), i) = det(HNN"H{™) Vky € W,
3: Select the best user kb as
oy = () 1
p = arg m%{b [k, (5.17)
4: W =N x null(H), ZV = 1.
b b N N
5: Update users sets: W, =W, — {kp}, 2, = 2, + {ks}
6: for i =2to | K | do
7. for m € Z, do
s z9=w AHY =H®z0.
ol = det(@YEOM,
10: cosh,, = det(GmWWHG:',L)
11:  end for
12:  Select the next user according to.
ky, = arg max i @ H s Y eos2n, (5.18)
kezZy,
13: Update Zb Zp + {kb} W, =W, — {/;Ib}
14:  Update Zk and ,uk Vky, € Zy.
15 Update W = W x nuu(Hg’)W)
b
16: end for

b) Scheduling with multimode selection: when the number of spatial modes are

adaptively allocated for each user, both user and spatial mode selection need
to be implemented. In Algorithm 3, Algorithm 2 is further modified to
incorporate spatial multimode selection. The algorithm works by checking the
best antenna of a user that has maximum space angle with the subspace spanned
by already selected antennas. Accordingly, the channel matrix between BS b

and antenna [ at user k; is represented by h,(jjj, € C™Nt. Denote the Ay, and
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Sy, as the sets of remaining antennas and selected antennas for user k; in a cell
b, respectively. W, is the set of users in cell b that have some antennas still

unselected. While Z, is the set of users that have antennas selected.

The Algorithms 2,3 will be used for multicell scheduling algorithms presented
in the next section. They can be used by each cell to select its own users/spatial
modes such that the selected users channel directions have maximum subspace
angle with interference channels of the previous users cells. Further elaboration

will be made to describe this process in the next section.

5.3.2 Multicell Scheduling Problem Formulation

When considering multicell scenario, the problem of finding the best users set for each
cell Ky € Uy, Vb € {1,....| B |}, gets coupled with precoding design due to inter-cell
interference. Hence, scheduling users across multiple cells becomes more complicated
since we have to jointly schedule users/ spatial modes sets across all cells. Thus,
multicell scheduling that maximises the sum rate for | B | cells is mathematically

expressed as

15
Reum = max
Koy, Ly, Pr,,Qp, ; kbezlcb
log,det (I +HYP, (Y HYPLQ PHH + 021)‘1kaP,'ij;?“) (5.19)
s#b
s.t.
1Ko
> Ly, <N—|BIK,]| Vb e B (5.20)
ky,
0< Ly, <N, (5.21)
[KCo|
> otr(Qy,) <P vbeB (5.22)
kp=1
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Algorithm 3 Iterative greedy multimode selection algorithm

1: Initialisation: A; = ... Ag, = {1,... N}, Wy ={1,.., | W, |}, S1 =

Z, = ¢, matrix of 1nterference channels null space N

20 Gy, = row(h( ) ) ,ukbl = det(hk lNNHh b)H) Vky € Wh, L € Ay,

3: Select the best antenna [ of the best user kb as

ky,l) = ar max (
( ’ ) & kbEWb;lE.Akb Iukb’l

4 W =N x null(h Pl z<1

5. Update antenna and users sets: A,;b =A;, — {1}, S, =S, + {1}, 2, =
6: for i =2 to | K | do

7.  form € Z, do

8: for [ € S, do

9. Zml_W hﬁi,_hblzgl.

10: ) = det(h) h).

11: cos?y); (1) = det(Gm,lWWHGt'm,).

12: end for

13: end for
14:  Select the next antenna according

c g i i1
(kp, 1) = arg einax Mﬁn),z H ,u,(w. )coszwj(l)
b kb kezb;jESkb

15:  Update A; = A —{i}, S, =S, +{I}. 2o = 2, + {ks}
16:  if A;, = ¢ then W, = W), — {ky}

17:  end if

18:  Update Zl(i),l and :“Sb),l Vky € 2,1 € S,
19:  Update W = W x null(hg:)jW)

20: end for

= o,

Zp+ {ifb}
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H'P;, =0, Vhky # iy (5.23)
H'P, =0, Vky € Ky,ns € Kob# s € B (5.24)

Evidently, solving the problem (5.19) in realistic systems faces three major challenges

summarised as follow:

o [nter-cell interference: the first challenge is the inter-cell interference coming
from neighbouring BSs. To overcome this challenge, BSs can coordinate their
beamforming or precoding matrices so that the interference is eliminated at all
users. To better utilise coordinated MIMO technique, the set of users in the
cells should be selected such that each set of users in a cell have maximum

spatial separation with interference channels of users in the other cells.

o Computational complexity: the second challenge is how to find an optimal set
of users in each cell such that the inter-cell interference is perfectly eliminated,
while maximising the sum rate of all cells. To clarify this point, without loss of
generality consider two cells; b; and by serving users ky, and ky,, respectively.
For the the b; to perfectly eliminate the interference to user k;, while serving
its user ky,, the channel direction of b; from its served user k,, i.e. HZ})I and its
interference channel to the user k,, i.e. Hzlbz must have perfect orthogonality.
When there are more users than that can be served, only exhaustive search can
find the optimal solution for this problem by searching over all possible subsets
of users and spatial modes given by Ziﬂflwt/ N1 C’!BHW and zl.[fllNﬂ C’Z!BHublN’“

Y

respectively. This induces complexity given by

Pus O( | Ky | (| B Nt>30'f§,[f’b') (5.25)

(| B Nt)50|zs|ub|fvr)

which becomes prohibitive as the total number of users in the cell | U, | grows
large. It can be observed that the problem becomes even more harder due to

the coupling in user selection among cells. Consequently, the computational
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complexity of exhaustive search becomes even more higher than that of a single

cell user selection.

o (SIs feedback cost: assuming perfect CSIs feedback and centralised processing
for selecting users across cells, the BSs should exchange the global CSI of all
users at each scheduling period, which put too much burden to be permitted
on the limited-capacity backhaul links. Moreover, when the number of users
in each cells gets larger, CSIs cost increases accordingly. This holds true even

when no exhaustive search but centralised processing is implemented.

Motivated by the previous discussion, suboptimal low complexity algorithm is neces-
sary from the practical point of view for user selection in multicell setting to avoid
complexity involved in (5.19), while requiring less CSIs sharing among cells. To decou-
ple the joint problem (5.19) into two subproblems, two stages procedure are proposed;
scheduling stage and precoding stage. In the scheduling stage, BSs progressively and
sequentially select their users in their coverage region such that each cell selects its
users separately from all other cells. At each step, each BS, say b, takes a limited
amount of information from the previous BSs from 1 to b — 1 based on which the
BS b greedily selects users in its region. Two types of algorithms are proposed to
implement this procedure; DSUS and DCUS. In the following discussion, each algo-
rithm will be described thoroughly. Without loss of generality, let us assume fixed
spatial stream case, i.e. conventional BD, when discussing the multicell algorithms;

nevertheless, the algorithms are also applicable to multimode case.

a) DSUS algorithm: in DSUS algorithm, multicell scheduling is implemented in
sequential distributed manner. At the initialization, the first BS b = 1 schedules
its users according to Algorithm 2, and conveys the interference channels from
all other BSs to all of them. At the ith step, a BS b, where b = 1, selects
its own users such that the channel directions of selected users have maximum
spatial separation with interference channels between BS b and the users already
selected by BSs 1 to b — 1. To achieve this, the BS b selects its users with

maximum effective channels lying in the null space of all interference channels
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to the already selected users in the previous cells. It does so by incorporating
the input matrix N which represents the space allowed for use by its own users.
To select users in each cell, an iterative algorithm determining the best users
group using principal angle between subspaces is employed. Once the users are
selected, the BS b passes the CSIs of channels between its selected users and
all other BSs. The process continues until the last BS involved in coordination

selects its users.

The second stage of algorithm is implemented distributively by each BS, where
each BS, after selecting its own users, designs the transmission precoding ma-

trices separately.

With this algorithm, no need to estimate the interference channels by all users
in a cell. But only the set of selected users can estimate the CSIs and feed them
back to its serving BS. Thus, this algorithm, while reducing the complexity
of user selection, can significantly reduce the overhead signalling and feedback

cost.

Simulation results reveal that DSUS algorithm results in disparity in perfor-
mance among cells. More specifically, while the first cell, i.e. BS b = 1, obtains
lower throughput compared with other cells, the last cell, i.e. BS b =| B | enjoys
best performance compared to others. This stems from the fact that the first
cell in the sequence, when selecting its own users, does not take into account
the interference channels to users in other cells as they are not yet selected.
In contrast, the last cell knows all interference channels to the already selected
users in other cells so that the BS, b =| B |, can select users in a subspace which

is an intersection of null spaces of all interference channels.

DCUS algorithm: in DCUS algorithm, the process of user selection is imple-
mented circularly among the cells. More specifically, while in DSUS algorithm,
each BS selects its set of users in the one round and then the next BS does the
same and the process continues until the last cell, in DCUS algorithm, however,

each BS selects one user in its round and the next BS does the same and so on.
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When the next round comes the process repeated from the first BS to the last

one to select another single user by each cell. Thus, the process is implemented

circularly among the cells. The detailed process of circular multicell scheduling

is presented in Algorithm 5. The DCUS algorithm brings about more delay

and frequent signalling, since each BS has to wait for other BSs to select one user

per each so that it can select another single user again. However, with DCUS

the disparity in sum rates among the cells is significantly reduced, especially

when users have the same average SNR, as will be evident by simulation results.

Further comment will be made regarding this point in simulation results.

Algorithm 4 DSUS scheduling algorithm

1: Initialisation step: Wy, = {1,..., I Wy |}, Z, = ¢. | Ky |= 2%, Vb e {1,...,| B |}.
2: Scheduling step

e BS

= BN,

b = 1 independently selects | K, | users using algorithm 2, up-

dates W, and Z,. Then, it conveys the interference channels of selected
users by other BSs to all BSs.
e forb=2to|B|do

Each BS b conveys the interference channels H,(;) to each BS s, Vk, €
Zy,se{b+1,..,| B}

= OB (O TORTS

BS b constructs H '~ = [Hy" ,...H;" |",¥b>se{l,..,| B|} and
_ H H

aY = | Y

~

BS b calculates the matrix N, as N, = null(H( )) and uses it as an input
in the iterative algorithm.

BS b selects its users based on Nj.

BS b updates W, and Z,.

Each BS b conveys the I:I,(]n) to each BS n, Vn < s.

e end for
3:  Precoding step: After scheduling step and exchanging the interference channels
of all selected users by all BSs, each BS b distributively designs the precoders

A

b
for their own users by considering a new input matrix N, = null(H( )) where

ﬂ(b)

(b)H H

_ bH _ — (b _ bH
=@, A A LHY M #£seB
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Algorithm 5 DCUS scheduling algorithm
1: Initialisation step: W, = {1,...., | Wu |}, Zo = ¢. | Kb |= |z§]|v_ztvr7 vbe{l,..,| B}
2: Scheduling step
3: forb=1to | B|do
3.1) Each BS b selects one user based on the following metric

l%b = arg max u,(gl)
kyew, = *P

3.2) Each BS b conveys the interference channels H,(;) to each BS s, Vk, € 2, s €
{b+1,...| B}
OO ()" H 70
3.3) BS b constructs H~ = [H;’ ,... H,” |",Vb>se{l,..,| B|} and H; =
mY" L HO,

3.4) BS b updates the matrices N,, W), and Z,.

3.5) Each BS b conveys the I:Il(,n) to each BS n, Vn < s.
4: end for
5. for i =2 to | Ky | do
6: forb=1to|B|do
e BS b independently selects one user using the following metric

- (4) (i=1) 2
b = Arg MAX fi,, H P, COS Y,
kezy,

e Do the (3.2-3.5) in step 3 for updating Nj.
7.  end for
8: end for
9: Precoding step: After scheduling step and exchanging the interference channels
of all selected users by all BSs, each BS b distributively designs the precoders

A

for their own users by considering a new input matrix N, = null(H( )) where

A _ H _ H _ H _ H
a” —|® o oa® a?, Al v £seB
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5.3.3 Computational Complexity Analysis

Here, a comparison is made between the complexity of the proposed multicell user
and multimode scheduling algorithm to that of brute-force search. Computational
complexity is usually measured in terms of the number of flops ¢ required to accom-
plish the whole process of calculation. A flop is defined as a real floating point point
operation, thus, a real addition and multiplication operation have one flop. While a

complex addition and multiplication have two flops and six flops, respectively.

Consider a complex matrix H € C™*", the complexity of the following matrix oper-

ations is given as [128]

e Multiplication of an m X r complex matrix with a r X n complex matrix has

8mrn flops.
e Gram-Schmidt orthogonalisation (GSO) has 8m?n — 2mn flops.
e SVD has approximately 24mn? + 48m?n + 54m?.
o det(HH) takes 8m*n + 3m® — 3m? + 2m flops.

In the optimal multicell user/multimode scheduling, it is assumed that a central unit
conducts an exhaustive search over all possible users and spatial modes combinations
of which the complexity are given by (5.25) and (5.26), respectively. To find the
complexity of the proposed multicell scheduling algorithm, only the first stage, i.e.
user scheduling will be considered, and the precoding stage is neglected. For simple
notation, let K denote the total number of users in each cell, i.e. K =|U, |. Then, the
complexity of the proposed algorithms assuming only user selection (no multimode

selection) can be counted for each cell as follows:

e i = 1: calculating both ,ul(;) and GSO requires K(16N2N; — 2N, N; + %Nf —
SN?+ 2N,) flops.

e i > 2 calculating ,ugfb), cos®(¢y,), and H,(cl;) needs approximately (8N2N,+ N7 —
SN2+ BN,), 8N, NZ + 8NNy + sN? — 3N2+ L3N, and (8NZN, ), respectively.
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For cell b > 1, it requires to calculate the null space of interference channels which

takes 8(b — 1) | Ky |* N, flops. Hence, the complexity is given by

|B]

4 3 13
Pro. o K(16N2N; — 2N, N, + =N? — = N? 4 =N,
Spus ; ( ( T t t+ 3 r 2 + 6 )
[KCo| 4
K—i+1 8N’N, + =N? — =N?
+Y (K —it1)x { +5 N :

=2

3
2
+ENT+8NtNT +b-1)| K |7 N,
NO(|B|K|IC,, | NENT) (5.27)
The complexity ratio of two methods:exhaustive search and the proposed algorithm

is approximately given by

KN,

| B MO, v,

£~ (5.28)

(5.28) shows dramatic reduction in computational complexity for multicell scheduling.

5.4 Proportional Fair Scheduling

While Algorithms 4, 5 described in Section 5.3 aim at maximising system through-
put, however, they will always favour users with better channel conditions. Under
practical situations, when users may stay at the cell edge for a long time, this gives
rise to fairness issue, i.e. cell-edge users may not get scheduled for long time as long
as they stay on cell boundaries. Fair scheduling is proposed to guarantee a certain
degree of fairness among the users in the system. Various fair scheduling are proposed
in literature, however in this work we consider proportional fairness scheduler. To

keep space limited, multimode selection is considered with proportional fairness (PF)
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scheduler problem in the following discussion, which can be defined as

|B]

Ry, (t
RPF = arg max Z (1) (5.29)
Ko €Uy, Ly, Py, Qp, =1 kK Rk (t)

with the same constraints in (5.20)-(5.24). In this problem, Ry, () is the rate of the
user k; at time instant ¢. While }_%kb (t) is the average rate of user k,. When setting
Ry, (t) to 1 the problem is reduced to that of (5.19) which is identical to maximising
the sum rate. In PF, Ry, (t) is updated as

B (64 1) = (1-— 1/tc)fkb(t) + (1/tc) Ry, (t) if selected (5.30)
(1 —1/t.)Ry, (1) if not selected

where t. is window time. The PF scheduler ensures the fairness by giving priority
kb(t)
Ry, ()
rate Ry, (t) are more likely to be served in the subsequent scheduling intervals. The

to the users with sufficiently large value of Thus, users with low average
problem of PF with user selection lies in the fact that the exact rate Ry, of user
ky, is unknown before completion of user selection process. However, similar to [41],
this problem can be overcome by assuming constant power allocation which is near
optimal in high SINR regime. Let L};b be the number of spatial modes at ith iteration
for the user k;, including the stream to be scheduled next, denoted as [. The rate of

user k;, in the ith iteration step can be approximated as:

Ly,
NZlogQ T gkb) (5.31)
ky
where
e | T (5.32)
lGSkbU{[}

112



g,ib represents the product of of squared row norms of the effective channels. The

above metric can be further simplified assuming high SINR regime as

. P i
Ri, ~log,((—+)" i) (5.33)

The multimode selection metric for PF scheduler at the ith iteration is replaced by:

o R R
(Ko, 1) e W T +) ) 7, (5.34)

kEZ, jE€SK, Kb

5.5 Simulation Results

A multicell system consisting of three hexagonal cells (| B |= 3) with radius of
R = 1km is considered for simulation. Each BS is equipped with N; = 12 and employs
BD or multimode selection while coordinating toward users served by other cells.
Multiple antenna users are randomly and uniformly distributed within the cell area.
The users are always assumed to have data for transmission (full buffer assumption).
Although the proposed scheme can accommodate multi-carrier systems, only consider
single subchannel with bandwidth of 15 kHz is considered. The channel is assumed
to be subjected to three components; path-loss, lognormal shadowing, and small-
scale Rayleigh fading. The coefficients of Rayleigh fading are assumed to be flat and
spatially uncorrelated. The path-loss with shadowing of standard deviation g = 8

dB is given by:
B, (dB) = 136 + 401og,,(dj,) (5.35)

where d is the distance given in km between the user k; and a BS ¢. The noise spectral

density is given by N, = -174 dBm/Hz.

Fig. 5.2 depicts the total sum rate in bit/s/Hz versus the total number of users,
for N, = 12, N, = 2 and various power values, averaged over 10° channel realisations.

It can be clearly observed that the proposed algorithm DSUS achieves most of the
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Figure 5.2: Comparison between an optmial solution obtained by exhaustive search
and the proposed algorithm for different power values. (N; = 12, N, = 2)

sum rate achievable by exhaustive search. It can be also noticed that the sum rate
is increased with the increase of total number of users, which is due to multiuser

diversity.

In Fig. 5.3, comparison between DSUS and DCUS algorithms assuming user pairing
in which the users are assumed to have the same SNR so that only small-scale fading
is taken into account. As expected, we figure out that the gap in performance among
cells in sequential algorithm is larger than that of circular algorithm. This comes in
an agreement with our expectation that the order in which the process of multicell
scheduling is accomplished allows the latest cells to select users whose channels direc-
tions lie almost in the null space of interference channels of all other users belonging
to other cells. In contrast, the previous cells in the sequence of algorithm have no
knowledge at their turn about other next cells user selection; consequently they may
select users whose channels directions may not lie in the null space of interference
channels to other cells users. Furthermore, it is expected that the gap diverges with
the increase in the number of cells involved in coordination accordingly. On the other
hand, in DCUS, since one user is selected by each cell in its turn, this allows the

first cells in sequence to have knowledge about more interference channels to other
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Figure 5.3: Comparison between rates of the cells obatined by the two proposed
algorithms DSUS and DCUS. (V; =12, N, =2, P =40 W)

cells users, while making the latest cells to have knowledge about fewer interference

channels, hence yielding more fairness among the cells in terms of sum rate.

However, when the users suffer heterogeneous channel conditions, the gap tends to
disappear and both algorithm will then have the same performance due to higher

multiuser diversity gain provided by heterogeneity of users channels.

Fig. 5.4 compares between fixed spatial mode (conventional BD) and multimode se-
lection. The figure depicts the sum rate versus number of users, with N, = 12 and
N, = 2. As can be clearly observed, multimode selection outperforms the fixed spatial
mode scheme with only user selection. The gain comes from the flexibility offered
by multimode selection to choose the best set of channel direction on the level of

antennas, thereby exploiting the spatial diversity more efficiently.

Figs. 5.5,5.6 compare between PF and MAX. Rate scheduling schemes. The total
rates of the system and the sum rate of cells are depicted versus number of users,
respectively. The observed decrease in sum rate in PF as compared with MAX. Rate

comes from the fact that PF attempts to guarantee fairness as described previously.
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Figure 5.4: Comparison between rates of the cells obatined by conventional BD and
multimode selection scheme. (N, = 12, N, =2, P = 40 W)

5.6 Chpater Summary

In this chapter, multicell scheduling for coordinated MIMO cellular network is inves-
tigated and analysed. Low complexity algorithms are proposed for user scheduling
with conventional BD and multimode scheduling schemes. The algorithms are based
on two stages progressive sequential distributed multicell scheduling. The simulation
results show high percentage of sum rate achievable via exhaustive search can be

achieved by these algorithms.
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Chapter 6

Energy-Spectral Efficiency
Trade-off in Coordinated OFDMA

Systems

This chapter considers the network energy efficiency in multicell OFDMA downlink
systems. A dynamic resource allocation scheme with limited coordination is proposed
to optimise the network energy efficiency and satisfy user requirement. The proposed
scheme has two steps; centralized and distributed. The simulation results shows
that, for a given spectral efficiency, dramatic reduction in energy consumption can

be achieved by such a dynamic coordination scheme.

6.1 Introduction

Most of the work on coordination or cooperation have mainly focused on improving
spectral efficiency aspect but neglected the energy efficiency which was not considered
in the design of the most cellular systems [18], [149]. Nowadays, energy consumption

in industry and technological systems occupies a global concern for its great effect on
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environmental on one hand and its economical cost on the other hand [19]. In both
industry and operation in cellular networks, the energy consumption shows dramatic
increase, particularly with explosive growth in the number of mobile subscribers that
demand high bit rate applications. Recent surveys on energy consumption of cellular
systems have shown that BSs consume around 70 percent of the energy required
for operating the cellular systems [18]. For this reason several projects have been
funded in Europe to achieve the goal of energy reduction in cellular systems. Many
aspects have been researched to achieve this goal such as deployment, sleep BSs, new
energy-efficient signal processing [19], [149]. However, one of the main aspects that
could play an important role in energy reduction is multicell scheduling and resource

management [150]-[152], [155].

Energy-efficiency is analysed for multicell uplink in [152], an interference-aware scheme
to enhance the energy-efficiency is proposed using game theory analysis. In [153], co-
operative idling scheme is proposed for enhancing energy efficiency in MIMO multicell
systems where some BSs are switched into sleep mode while activating the other BSs.
In [154], coordinated beamforming is assumed and lower complexity algorithm is pro-
posed to solve the nonconvex problem. Most of the previous work assume single
subcarrier, however, in this chapter a different approach is followed, as the main fo-
cus will be on OFDMA system with discrete power allocation and dynamic frequency
planning. An adaptive scheme of two level solution is proposed for energy-efficient
resource allocation fulfilling the minimum spectral efficiency in the the whole system.
The main idea is to propose a dynamic frequency planning to allocate resources in
two stages. In the first stage, referred to as the central optimization level, a cen-
tral unit takes the responsibility of allocating the resources for the outer region users
based on best channel quality for the users. The central unit assigns orthogonal
subchannels and powers for the outer region users based on their CSIs conveyed by
the BSs involved in coordination. While, in the second stage, named as distributed
optimization level, each cell allocates the rest resources to the inner region users with
an objective of minimizing the total power consumption. In the first stage, the op-

timisation problem is formulated as a fractional integer programming to allocate the
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resources to the cell-edge users with an objective of enhancing energy efficiency. In
the second stage, which is implemented distributively by each cell, the optimisation
problem is formulated as an integer programming to allocate the remaining resources
to the cell-centre users, with an objective of power minimisation to decrease the in-
terference level. Thus, only limited coordination is required by BSs, in which the
CSIs of cell-edge users are exchanged among BSs. Based on this proposed scheme,
we analyse energy-spectral efficiency trade-off, and compare the simulation results
of both dynamic and static frequency planning, in which the resources are fixed for

cell-edge and cell centre users.

The rest of this chapter is organised as follows. In Section 6.2, the system model
adopted in this chapter is described. In Section 6.3, optimisation problems of both
centralised level and distributed level stages are formulated and solved. In Section 6.4,
the evaluation of proposed resource allocation scheme and simulation results are in-

troduced. Finally, Section 6.5 summarises the chapter.

6.2 System Model

Consider an OFDMA cellular system with the set of BSs denoted as B = {1, ..., B},
each equipped with single-antenna as shown in Fig. 6.1. Each BS serves a set of
users denoted as U, single-antenna users where b € B denotes the index of BS. The
total number of resource blocks (RB) in the system is N, where each resource block
consists of 12 subcarriers which are supposed to have the same channel response in
frequency domain, and 14 OFDM symbols in time domain (1 ms). Frequency reuse
of one factor, i.e. FRF=1, is assumed, where all cells share the same spectrum. The
instantaneous CSI on all RBs is assumed to be perfectly estimated at each user u; in
cell b and fed back to their serving BS.

Assuming that the channel fading is flat over every RB, i.e. the bandwidth of ev-
ery RB is less than the coherence bandwidth of the channel, and the channel state
doesn’t change in OFDM frame duration, i.e. the OFDM system duration is less than
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R User equipment
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Figure 6.1: An illustration of a hexagonal multicell OFDMA network with the BSs
being connected through backhaul links to a central unit. Every cell has outer and
inner region users, which are to be served by centralised stage and distributed stage,
respectively.

time coherence; then the SINR for user u in cell b estimated over nth RB denoted

by SINR,, . can be expressed as follows:

SINRp = ——caprtdint (6.1)
g +Zj:1’jygbpj,n,ugj,n,u

where py , o, is the power transmitted by bth BS to user v on RB n, g, captures both
slow fading (due to path-loss and shadowing) and fast fading (due to Rayleigh fading)
effects on the subcarriers in RB n for user w in cell b. The denominator represents the
noise, o2, on the sets of subcarriers in each RB n, added to the interference caused by
other base stations in neighbouring cells. In this system set up, we consider only the
average interference which can be obtained by averaging the instantaneous channel
states over fast fading and shadowing effects. This reduces the feedback signalling

required for acquiring the instantaneous channels of all interfering BSs.
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6.2.1 Adaptive Modulation and Discrete Power Allocation

Denote P,(BER,c) as the minimum SINR,, , required to be received in any RB
for a given bit error rate (BER) and modulation scheme (c), where ¢ denotes the
number of loaded bits taken from the set of possible values d = {0,d;,ds, ...,dc}
with C denoting the number of possible modulation schemes, for example for QAM

modulation schemes, P, (BER, ¢) can be represented as [11]:

P,(BER,c) = %(Q—l(BER))Q(QC —1) (6.2)

where N, is the single-sided noise power spectral density ,and Q~1(z) is the inverse
2

Q-function that is given by Q~*(BER) = \/Lz? [2° e~ dt [156], therefore for the trans-

mitter to satisfy the requirement of minimum received power for a given BER, the

minimum transmission power that should be allocated to the RB n for the user u in

cell b must be:

Pr BER,C nu) X Nnoise+l
Phnu = (BER, ¢, ’g) ( ) (6.3)
b,n,u

where N,ise = N,W represents the amount of noise power in RB n, where W is the

bandwidth of RB, and I is the average interference measured within nth RB.

6.2.2 Dynamic Frequency Planning

It is assumed that dynamic frequency planing (DFP) wherein the cell area is divided
into two regions, inner and outer according to the user proximity to the BS. The users
can be classified as inner or outer region users based on threshold value of signal to

N
: : : : o SN SINR
interference and noise ratio (v, ). More specifically, for each user if w

> Yth,
then the user is considered as an inner region user, otherwise an outer region user.
BS can do so by using reported measurements of users reference signal. Alternatively,

a user can be determined as an inner or outer region user based on its distance from
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the BS, if its location is no farther than ry,, the user is considered as an inner region
and otherwise outer region user, where ry, is a threshold distance which can be set
by the system. In the proposed DFP the spectrum resources is divided between the
outer and inner region, where the spectrum subbands allocated for outer region users
should be orthogonal, and the rest of the spectrum subbands are shared by cell centre

users.

6.3 Energy Efficient Resource Allocation

In general, it is very well known that the joint optimization of subcarriers and powers
allocation in multicell scenarios with interference is non-convex problem due to power
coupling among the cells. Hence, from practical perspective, it is necessary to seek for
practical approaches that could reduce the complexity of the problem. In multicell
scenarios, the main issue is to reduce the interference which has ,in particular, severe
effect on the cell-edge users. Therefore a strategy of allocating orthogonal subcarriers
can help reduce the interference effect. In order to do so, the BSs must jointly
coordinate their resource allocation strategy on the cell-edges such that orthogonal
resources are allocated for different cell-edge users. In this context, it is proposed to
decompose the problem of joint optimization for enhancing energy efficiency into two
subproblems; centralised and distributed levels. Next, each step will be discussed,

whereby the optimisation problem is formulated.

6.3.1 Centralised Optimisation Level

In this level the objective is to allocate orthogonal RBs among the outer region users
belonging to different cells. There is assumed that there exist error-free, high speed
links connecting all BSs to a central unit as shown in Fig. 6.1, wherein the central
optimization is carried out to allocate different resource blocks to different outer

region users served by different BSs.
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First, each cell b determines the number of its own outer region users based on either
way described previously. In this thesis, we adopt the second approach which is
based on threshold distance ry,. Denote the set of outer-region and inner-region
users as U, and U;, respectively, where | U, UU; | = | U, | for every cell (b). Each
cell b sends the necessary information of its own outer region users to the central unit
which in turn allocates the resources among outer region users with the objective of
enhancing the energy efficiency of the whole system. We define the energy efficiency
metric (EE) as the ratio of the total power consumption over spectral efficiency (SE
) (the unit: joule/bit). SE can be defined as total loaded bits per OFDM symbol
(bits/symbol) or equivalently (bps/Hz). Hence, EE can be defined as the ratio of
total power consumption over the total transmitted bit rate. We also assume that
the total power in a cell is partitioned between outer and inner region users according
to a power ratio «, such that 04:%’, where P, and P; are the total power allocated to
outer and inner region users respectively. « can be adjusted by the operator according
to the traffic variation, and usually takes values larger than one as the outer region
users usually needs more power than the inner region users assuming the same number
of users. Let us denote z,,, as the assignment variable which has a value of one if
the RB n is assigned to the user w in cell b, and zero otherwise [157]. Assuming
discrete power allocation and bit loading, the energy efficient resource allocation can

be defined as an integer linear optimization problem [158] as follows:

mln EE — ¢ Zb—l anl Zueuo pb7 ’ b7 I (64)

B N
Cb,n,urTh,n,u =1 Zn:l Zueuo Cb,n,ul‘b,n,u
1Bl N

s.t. Z Z Z ConuLonu > Rggﬁ” (6.5)

b=1 n=1 uEUo

N
Z Conulbn,u Z Rgin, Yu € Z/{o (66)
n=1

N
Z Z Ponulbnu S Po; Vb (67)
n=1 uel,
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N
> Ty =1 (6.8)
n=1
Tomu € {0,1} (6.9)

The first constraint (6.5) ensures the target system throughput R;’Zﬁer, which is equiv-
alent to system spectral efficiency SFE for all outer-region users in the whole system.
Constraint(6.6) guarantees the fairness among users by allowing each user having
minimum bit rate. Constraint (6.7) is to impose per-cell maximum allowable power
constraints. The constraint (6.8) ensures the exclusivity of RBs assignment among
the users and cells. where F; is a circuit power dissipation which is assumed to be
static in this paper. Lastly, (6.9) is the optimisation variable that can take only two
possible values 0,1. For such an optimisation problem, the central unit decides which
RBs to assign to which user so that the EE metric in the whole system is minimized.
In this central step, the priority of RBs assignment is given for the outer region users
first. Having the outer region users allocated the required resources, the central unit
passes the assignment vector for the outer region to all involved BSs, then each BS
can distributively allocate the rest of resources to the inner region users. The above
formulated problem is a fractional integer optimisation problem [159], which can be
iteratively solved using the parametric approach suggested by Dinkelbach in [160].
The basic idea of this algorithm is to transform the fractional objective function into
a difference function which can be parametrized by a parameter ¢ which in turn
can be updated by generating sequences of iteration until convergence. The proof of

convergence is given in [160]. The steps of the algorithm are shown below:

Algorithm 6 Dinkelbach algorithm
Choose 2° € {0,1}, Compute 6 = ;gsg, k=Fk+1.
Find z* by solving problem z*=arg H}%)f} {P(z) - 6*T'(2)}.
xeq0,
if Q(0")=max {P(z) — 6*T'(z)} < € then

§* <= 6%, 2* « 2, Stop.

end if .
(5’”1:;&;, k=k+1, go to Step 2.
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6.3.2 Distributed Optimisation Level

At this level, each BS allocate the remaining resources (RBs and power) to the rest
of users in distributed manner. Denote the set of RBs allocated for outer-region users
and that of the remaining RBs to be allocated for inner-region users as €2, and 2;
respectively, such that | Q, U Q; |[=N. Now in order to reduce the interference on
the other cells, each BS minimises the total transmit power such that each user gets
minimum QoS, in short each BS solves the following margin adaptive optimization

problem:

min P = Z Zpb,n,uyb,mu (610)

Ch,n,usYb,n,u

neQ; ueEU;

s.t. Z Z Co,n,ulYbnu Z RZZZET (611)
ne); uel;
Z Conulbn,u > Rfin,‘v’u € Z/[z (612)
nEQi
Z Zpb,n,uyb,n,u S ]Di7 (613)
neQ; ueU;
> Yy =1 (6.14)
ne);
Yb,n,u € {07 1} (615)

Recall that U; denotes the set of inner region users. The constraints have the same
meaning as previous optimization problem but for inner-region users. Although mar-
gin adaptive optimization may not necessarily be an energy efficient,the justification
for adopting it, however, is the fact that minimizing the power reduces the amount of
interference on the other cells, which is the crucial factor that deteriorate the through-
put as well as the energy efficiency. Furthermore, enhancing the energy efficiency for
the inner region users may bring about an extra interference on the outer region users

in other cells [152].
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Figure 6.2: System spectral-energy efficiency trade-off.

6.4 Simulation Results and Discussions

Consider three hexagonal cells with a radius of 1 Km, the users are distributed ran-
domly in the cells, with full-buffer for each user. Long Term Evolution (LTE) system
parameters are assumed in the our simulation. The resource block structure consists
of 12 subcarriers in frequency domain, and 14 symbols in time domain, the frame
duration is 1 ms, which is the time period of every new scheduling. The bandwidth
of 12 contiguous subcarriers in one RB is 180 KHz. The channel is considered to be
subjected to path-loss and shadowing with standard deviation of 8 dB. The path-loss

can be calculated as [161]

L[dB] = 136 + 37.61og,,(d) (6.16)

where d is the distance between a user and the its serving BS in km. The static power
is assumed to be constant and equal to 100 W, P,p;oy = 43 W, , a = 3, N, = -174
dB/Hz. The BER is fixed to 107 in all examples.

Fig. 6.2 presents the spectral-energy trade-off for the two scenarios; dynamic and
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Figure 6.3: Energy efficiency vs. the distance between the BS and users.

static frequency planning, assuming the number of RB is N = 20, and transmit
power 43 per each BS, the number of users 2 at the cell edge. It can be clearly ob-
served that DFP significantly outperforms the static frequency planning where the
spectrum allocation is fixed for outer and inner regions. This indicates that the coor-
dination and adaptation can enhance not only the spectral efficiency as indicated by
previous works, but also enhances energy efficiency. This can be arguably reasoned
by the fact that enhancing the link quality of outer region users can be more energy
efficient if we allocate the RBs with best channel quality instead of increasing power,
as the increase of power results in an additional interference which, consequently,
deteriorates the links of inner region users in other cells. It can be also noticed that
more energy consumption will be required as the QoS (represented by minimum bit
rate)for each user is increased.

However, DFP requires frequent CSIs feedback to the serving BS as well as frequent
signalling between BSs to convey CSIs to both serving and neighbouring BSs. This
gives rise to a trade-off between system performance and cost in uplink resources.
Fig. 6.3 depicts the energy consumption for both static and dynamic frequency plan-
ning with distance, assuming 20 RB, 6 users, the maximum required system spectral
efficiency is 600 bit/symbol, and R™™ for each user is fixed at 168 Kb/s, the users are

positioned at gradually different positions on cell boundaries. It can be clearly ob-
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served that the energy consumption increases with distance, the reduction in energy
consumption in coordinated-cells can be interpreted as a decrease in distance which
gives insight on the importance of coordination between small cells in the future gen-
eration cellular systems. Fig. 6.4 shows the effect of multiuser diversity on energy
reduction, multiuser diversity is the gain obtained by the system when the number
of users gets larger and larger, which means there is more likely to find a set of users
with high channel quality to be scheduled at every time instance. Hence, scheduling
users with better channel quality leads to an increase in system throughput, as the

bit rate increases in proportion to the channel gain.

6.5 Chapter Summary

In this chapter, the energy efficiency in multicell scenario is investigated and anal-
ysed. An adaptive resource allocation scheme for coordinated multicell is proposed.
The simulation results show big reduction in energy consumption as compared with
statically coordinated scheme in which the spectrum is fixed for each cell on the
boundaries. As a result, this emphasizes the importance of coordination in enhancing

both spectral and energy efficiencies. In future research work, it may considerable to
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design low complexity suboptimal algorithms for resource allocation and scheduling

for coordinated-small cells scenarios.

130



Chapter 7

Conclusions and Future Work

The tremendous growth of smartphone devices has led to unprecedented demand for
high volume of data traffic. To address this challenge, wireless networks tend to
be more densified and the spectrum should be very efficiently utilised. In addition,
an innovative cellular technology is required to flexibly manage the traffic demands.
However, dense deployment and aggressive frequency reuse creates strong inter-cell
interference that degrades users perfromance, especially at the cell-edges. Thus, it
is important to develop interference management strategies that work alongside with
network densification strategy. Multicell coordination is one of the promising tech-
niques in this context.

In this thesis, multicell coordination has been analysed from different perspectives.
In this concluding chapter, we summarise the key findings of the thesis and suggest

new directions for future research.

7.1 Summary of Results

Chapter 3 has studied coverage probability and effective capacity for multicell down-

link random cellular networks. Two main scenarios have been investigated and anal-
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ysed. In the first scenario, distance-based power control strategies are analysed for
two cases; SU-MIMO and MU-MIMO, and no multicell coordination is assumed to
be implemented. In the second scenario, multicell coordination using coordinated
beamforming is analysed. The BSs locations are modelled as a PPP, and mathe-
matical tools from stochastic geometry are used to derive analytical expressions for
coverage probability and effective capacity. Using the analytical results, the impact
of power control and multicell coordination on both coverage and effective capacity
is analysed and explained, showing that fractional power control factor is the best
strategy in most cases. Interestingly, the analysis shows that in order to make use of
coordination strategy, it should be adaptively implemented according to the network
layout.

Chapter 4 has proposed an adaptive multicell coordination strategy for multi-carrier
downlink cellular networks. The proposed adaptive strategy employs coordination
and interference cancellation over frequency and space domains, respectively. Two
variant schemes for the adaptive strategy have been proposed and analysed. The BSs
location are modelled as a PPP, and stochastic geometry approach is adopted once
again to derive analytical expressions for coverage probability of both cell-centre and
cell-edge users in both schemes. Moreover, analytical expression for average rate is
derived based on coverage probability analysis. It is confirmed through this analysis
that such an adaptive strategy yields the best performance among others coordination
without adaptation. An interesting observation is that the second scheme in which
mixture of coordinated beamforming and no coordination, i.e. MRT are employed
over the same frequency band (the second proposed scheme) gives an excellent per-
formance for the cell-edge users, while guaranteeing an acceptable fairness between
cell-edge and cell-centre users.

Chapter 5 has investigated joint user selection and scheduling in multicell coordinated
MIMO downlink cellular network. Low complexity algorithms based on the idea of
principal angle and the intersection of null spaces are proposed for user scheduling
in multicell scenario. The algorithms consist of scheduling and precoding stages and
work in sequential distributed fashion. Furthermore, multimode selection algorithm

is developed to adaptively allocate spatial modes for the users. The algorithms re-
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duces the overhead signalling required for CSIs while achieving most of the sum rate
achievable by optimal exhaustive search as well dispense with the need for centralised
processing. Simulation results show that multimode scheduling in multicell setting
yields higher system rate due to exploitation of spatial diversity.

Chapter 6 has investigated the subchannel allocation and bit loading in multicell
downlink OFDMA network. An adaptive coordinated multicell resource allocation
is proposed to allocate orthogonal resources for the cell-edge and cell centre users.
The proposed scheme consists of two stages. In the first stage, in which part of the
resource are allocated for cell-edge users, the optimisation problem is formulated as
a fractional integer linear programming with an energy efficiency objective function
subject to system spectral efficiency and user QoS constraints. While, in the second
stage, in which the rest of resource are allocated for cell-edge users, the optimisation
problem is formulated as an integer linear programming subject to the same con-
straints. The first stage is implemented in a centralised manner, while the second is
implemented distributively. The spectral-energy efficiency trade-off is analysed un-
der this scheme, and simulation results highlights the improvement attained by such

adaptive coordination scheme in reducing energy consumption.

7.2 Future Work

For the effective capacity in multicell scenario, this thesis has only focused on an-
alytical approach to evaluate the performance of power control and coordination.
However, it is worth extending the investigation to multicell scheduling approach
with the objective of guaranteeing QoS constraints imposed by QoS exponent 6. The
focus would be on finding a sub-optimal algorithm that gives best performance while
keeping the complexity as low as possible. It is also important to consider fractional
power control to combat the effect of small-scale fading in random cellular networks.
For adaptive coordination strategies, this thesis considers only analytical approach for
system evaluation. It is worth investigating how to apply large-scale MIMO (massive

MIMO) and 3D beamforming techniques with such adaptation strategies. Another
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interesting future research is how to design adaptive multicell resource allocation or
scheduling scheme providing near-optimal performance whilst keeping the complex-
ity as low as possible. The work in the thesis can also motivate a research direction
toward using adaptive inter-cell interference cancellation in heterogeneous networks
where different types of BSs of different capabilities are deployed. Additionally, a
comprehensive framework can also include other important network aspects such as
handover issues and traffic dynamics in heterogeneous networks.

For the multicell user scheduling, the thesis presents two algorithm for user and mul-
timode selection, and the main focus was on spectral efficiency. It is also worth
considering another objectives such as QoS guarantee or energy efficiency. Another
interesting future research is to integrate OFDMA system with coordinated MIMO
and investigate low complexity algorithm working in both dimensions; frequency and
space, in coordinated multicell network. Also, one of the main challenges is CSls
feedback, thus it is worth investigating how to adaptively utilising limited feedback
technique with such adaptive multimode selection in multicell setting.

For the investigation on multicell coordination in OFDMA systems, the thesis presents
a general adaptive scheme for resource allocation consisting of two stages. However,
the optimisation problems are based on integer programming, which is known to have
high complexity. Thus, an interesting future research is to investigate low complexity
algorithm giving near-optimal solution. It is also worth considering the integration
of coordinated beamforming into OFDMA framework. Another promising future re-
search is to consider adaptive coordination strategies for heterogeneous networks with

the objective of seeking an optimal spectral-energy efficiency trade-off.
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Appendix A

Proofs for Chapter 3

A.1 Proof of Proposition 3.1

Since gg ~ I'(NVy, 1), and its CCDF is the regularized gamma function given by % =

Iy %dt, bound on the CCDF is used as given in the following lemma [106].

Lemma 1: Suppose g, is gamma r.v. with NV shape parameter, i.e. I'(N, 1), then we

have P(g, < z) = vr(é\f]\}:;)y which can be upper and lower bounded as [106]

(1 _ e—g“x)N S 7(N7 3:) S (1 o e—a:)N (Al)

where ¢ = (N!)~'/N,

Thus, using lemma and applying binomial expansion yields

m=1

where ¢ = (N,!)™'/N¢, then the coverage probability can be written as:
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where s = ym( r?(l_”) the inequality in (a) stems from substituting the upper bound

of VF(N )) given by (A.2). The Laplace term, i.e., E{e"*/ | 7;} conditioned on 7, can

be obtained following the same approach in [98]:

E{e™*" | r} = E@,ani{@s Zié@/{le}giX?"Tia}

_ E@,Xi,{gi}{ < H e—s!]iX?"ria) }

1€®/{b1}

E¢{ ( H Eqg, x; {e_sgin"Tia }) }
iE<I>/{b1}
= eXp< - 27T/\/ (1 — Eg,x{e—sgx""v—a }) Udv)
b oo (1+SXO”7U_O‘)\I/_1
= exp( o QWAIEX{ /m (1+ SXanU_a)\I] odw
| e (1) (sXomy=e)ym
eXp< 7T)\ { / 1 + SXanU )\I/ /Ud’U

where (a) follows from the probability generating functional (PGFL) property of
a PPP [98]. (b) stems from the independence between ® and both channel fad-

ing g and X, and evaluating the expectation over g, i.e. I'(¥,1). (c¢) yields from
binomial expansion. For SU-MIMO, we have ¥ = 1, by substituting in ¥, and eval-
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uating the inner integration as

2—a
> v e 2 2 sXon
dv=sX"2*—,F(1,1-=2—-=;— A4
/,ﬂ1 L+ s ixX-ampa 0 g 92 1< ooal ol g ) (A.4)
we have
E{e ' | 71} = exp(—27\) (A.5)

where 9 is given by (3.13). By plugging (3.1) (for K = 1) and (A.5) in (A.3), (3.12)

follows immediately.

A.2 Proof of Corollary 3.1

Assuming that the distance between each interfering BS and its served user referred
to as X is a r.v. following Rayleigh distribution, for given values of @ = 4 and
n = 0, expressing the hypergeometric function as an infinite series, invoking the
relation I'(a,b) = (a),['(a), and implementing integration and some algebraic manip-

ulations [107] yields the following
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where (a) comes from the assumption that the distance between each interfering BS
and its served user referred to as X is a r.v. following Rayleigh distribution. In
(b), the hypergeometric function is expressed as an infinite series by invoking the
relation I'(a,b) = (a)pl'(a). In (¢) and (d), the integration is inserted inside the
summation and integrating with respect to X, respectively. In (e), (f), and (g), an
expression yields, which can be expressed once again as a new hypergoemtric function

by using the definition in (3.14) and simple mathematical simplifications.

A.3 Proof of Proposition 3.2

Following similar steps of Appendix A.1 and noticing that in fullSDMA A = 1
and ¥ = Ny; the desired signal link is exponentially distributed, i.e. gy ~ exp(u),

and p = 1, the coverage probability can be written as

U oo gor?(nfl) )
Pc = ]P m Z ’erl fT‘l (Tl)dﬁ
r12>0

- / P(go > {00507 + I>\ﬁ> Fra(r1)dry

120

- El{exm—wﬂ‘m(a? ) m}mmdm

120
_ / e PR LTV () d (A7)

120

To evaluate Ef{e_wf(lim | 1}, let s = @1 by following the same approach in

Appendix A.1 for evaluating the Laplace transform, we have

E{e™* | r1} = exp(—27\1) (A.8)
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where 9 is given by(3.19). By plugging (A.8) in (A.7), (3.18) follows immediately.

A.4 Proof of Proposition 3.3

Similarly, by considering the upper bound of coverage probability as in the Ap-
pendix A.1, the following yields

PfB—En,rk{P(gz (0? +f>|n,m<)}

Y, 2
P
< Erl,r}({ ( ) m“e_Z'ﬂ?IEIC{e_m;W’"?IC rl,rK}} (A.9)

where A = N; — K + 1, and Z given by (3.23), and I. is the aggregate interference

coming from all BSs in the point process ®., where . = &/{BS;, ..., BSk}.

It can be noted that since the nearest interferer is located at distance r, the Laplace

transform in (A.9) is conditioned on both 7 and rg. Similarly, the Laplace transform

mnw

can be obtained following the same approach in Appendix A.1, by denoting s = re,
and substituting for p as p = ==, the following is obtained
Er{e™} = exp( — 27\ f(7, @) (A.10)

where f(7,a) = r%G(7,p), and G(7, p) is given by (3.22).
Plugging (A.10) in (A.9) and de-conditioning on both 7 and 7k yields the following:

A
PCB / frl 1 / er TK Z ( ) m+167Zr1E { 27r)\G(’y,P)r§(‘p}drKdT1
=1

_'Ez
A N
<E {/ fri (1 / er r'K) Z ( ) m+1 e~ 1t 6_27r>\G(7pTKd7’K dry |p}
=1
7

(A.11)
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Since r1,7rx and p variables are independent of each other, the integration order is

interchanged using Fubini’s theorem. Accordingly, after substituting (3.1) in (A.11),
7, is obtained as follows

A
_ A m+1 erl 727r)\G (¥.p)7%
=) - fTK dri

)< e /ﬁ (< N,

(”MKZA:( ) mHe_ZrlF(K,)m(QG("y,p)—l—l)r%)

K
m=1 2 (2)\7TG(,0, ) + )m)

I
Nl
~
SR

(A.12)

where the last result can be deduced by utilising the integral identity: fuoo e P dr =
L(v,pu™)
npgv -

Plugging (A.12) and (3.1) with K =1 in (A.11) and considering Z,.

A (—1)m+!
<m) 2 <2)\7TG(’7, p) + )m) ’

X / F(K, AT(2G (7, p) + 1)7“%) e =4 (2 )dry (A.13)
0

2(m\)E
b= TE)

1[e

By expressing the gamma function in (A.13) as ['(s,z) = (s — 1)le™* 3% "1 2= [107],

- n=0 n!

doing some mathematical manipulations, and conditioning on p, the following yields

cB - 1ym (e (26Gp)+1) +ar ) 12— zrg
T e p>+1>KZ< DT

(An(2G(ﬁ, p) + 1)r§)>n

n!

X

(2)\71'7’1)(17’1 <A14)
Notice that the above expression is the conditional probability of coverage represented
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as a function of p, so the expectation symbol is omitted. This integral can be evaluated
numerically, however, it can be obtained in a closed-form for a special case of o = 4,

and is given by:

[y

<WA1) (=)™t <« ()\;LT!)” (QG(V, p) + 1) ngn(% 0

n=

. A 2
O ) 2

(A.15)

where G,(7,p) and G(7,p) are given in (3.21) and (3.22), respectively. The above
result can be obtained by changing the variable 7? = x and invoking the integral

identity fooo 2V le B2 dy = (26)_”/2F(v)eXp(%)D—v(\/izfﬁ).

A.5 Proof of Proposition 3.4

Starting from (3.12), and using the following identity: E{z} = [Z P(z > t)d¢, where
the expectation operation is defined over all randomness involved in the SINR, the

expectation term can be written as

—0 0o 1 —0
E{1+SINR} :/ fﬁ(rl)ﬁb((HSINR) >t\r1)dtdr1 (A.16)

120 Jt20

0 1
= / Jr (h)IP’(SINR <(t7 — 1)|r1>dtdr1 (A.17)
r1>0 Jt>0

0o 1
=1- / f'rl (7’1)]? (SINR 2 t_Tl — 1|T1>dtd7"1 (A].S)

120 Jt>0

by substituting for the upper bound of coverage probability in the above integra-
tion and approximating the integration in (A.18) by Gauss-Hermite quadrature given

by [105]: .
/0 P f(a)dn S wnf () (A.19)

(3.24) follows immediately.

141



Appendix B

Proofs for Chapter 4

B.1 Proof of Proposition 4.1

By conditioning on the distance to the nearest BS, the P, is given by:

P, =E, {P(SINR > 7 | r)} (B.1)
~E, {p@g‘ﬁj =1 r) } (B:2)
=E, {P(go > (1) | r)} (B.3)
i, {E{ i@ Gy } | r} (B.4)

where the inner expectation is with respect to I. (a) stems from the fact that g,
is gamma r.v. and its cumulative distribution function is the regularized gamma
function, that is P(X < x) = WIE](VN? Thus, its CCDF is expressed as: P(X > z) =
Zf;é %e‘x. Moving the second expectation inside the sum and using the Laplace
derivative property which states that E{X"e™*X} = (—1) PIxE) e finally arrive

dsm
at (4.4).
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B.2 Proof of Proposition 4.2

First, the CCDF of SINR for general MIMO system is needed, which is already given
n (4.4). Although Laplace derivative in (4.4) can be calculated using Faa’di Bruno’s
formula for the composite function [123], however its numerical evaluation is rather
difficult. Therefore, similar to [120], an upper bound on the distribution can be easily

utilised using the lemma introduced in Appendix A.1, which is given by

o> ) < Y- () (- (B.5)
k=1

Thus, in the subsequent derivation the (B.5) is utilised for upper bounding CCDF of

SINR. Now, it is proceed to prove Theorem 4.2. When a user has SINR > 7, on

the subband w, it is considered as an inner region user and served by MRT, mainly,

N; = Ny = Ny, experience a new channel fading g,, and no interference cancellation

is used, i.e. I = Zz‘e@/{le} Pg;r;*. The upper bound for the CCDF of inner region

user Pivoc,i(71,72, A) is conditioned on its previous SINR, and is given as:

Pg,r7* _  Pgyr7¢
PIMOC,z'(’_Yh’_Yz,)\):P( Jol1 1] o™ >’YQ)

o +1 o+ 1
Bt
(1)
. P(fo; > max{%,%})

Pgori®
P >
( o +1 72)
n¢q max{¥1,¥ }7‘0‘(0'2 )
e

meaFars (02 +1)

B{ S0, () (et =

(¢}

(B.6)
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where in (a) stems from Bayes’ rule, (b) is due to the fact that the two terms in
numerator have the same interference and fading channel, and (¢) stems from apply-
ing (B.5). Concentrating on numerator term, and conditioning on r;, the numerator

term in (B.6) can be evaluated as follows:

M
N1 5 (02+I)n41 max{¥1,52}
n

n=1
Ny
N, r§'o2n¢) max{3,.72) r§n¢y max{31.72}1
= g ( (—1)"tle P E;qe” P (B.7)
n
n=1

Again, the expectation in (B.7) is the Laplace transform, i.e. Z(s,r{), where s, =
n¢; max{?¥;,72}, which can be evaluated using the same approach in Appendix A.1,

hence, is given as

r?sol

Ei{e” 7 } = exp(—2m\(s,)r?) (B.8)

a—2

where ¢(s,) = 225,y (1,1 — 2;2 — 2; —s,). Plugging (B.8) in (B.7), de-conditioning
on r1, and doing simple algebraic manipulations, the numerator in (4.5) yields. Fol-

lowing the same approach, the denominator in (B.6) can be obtained as in (4.5).

B.3 Proof of Corollary 4.1

In the special case of a = 4, the integration with respect to r; can be obtained by

changing the variable 7 = x and invoking the integral equality: [ v le P e dy =
%exp(%)D_Aﬁ) [107]. By plugging for both numerator and denominator,

(4.7) follows immediately.
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B.4 Proof of Proposition 4.3

A user with SINR, < 4, is considered as an outer region user, and is therefore allocated
a new subband w,, and served by CBF. The user will experience a new channel fading
Jo with a parameter N; = N;— K +1 and an interference I = Zie@/{le,...,BsK} Pgr; e,
the previous channel fading, i.e., g, has a parameter Ny = N;. The upper bound of
CCDF of the outer region user Pinioc,e|p(71; Y2, A) is conditioned on its previous SINR.
Thus, by applying Bays’ rule and (B.5), the coverage probability is expressed as

Pivocelp(31: 725 A)

Pgory® __ Pgori®
=P =~ > <
( o2+ ] 7 | o2+ 1 &

Pg,ri®  _ Pgori®
P >, ——— <
(02—|—I n o2 +1 2

Pgori® _ _
P <
( o2+ 1 72)
n’ro‘a'2A WL"PO‘(J'2
B{ S0 () (uyte R (1, (e )

méaFor{ (2 +1)

B{1- S0, () (-1

<

(B.9)
Prvoc,elp(T1: 72, A)
a
- Ny R No o
N1 _ o _nGyrfd NQ _ o _ mGavar{l
E 1 n+1_—A1rg —1 . _1\m+1_—Arg —==1
e T
< n=1 m=1
> No
N2 o mC2’727‘(111
E{1— -1 m+1 _—Aar{ — -
{2 ()
I,
(B.10)

145



Now by distributing, factoring out the noise term due to its independence from the

interference term in Z;, and conditioning on 71, Z; can be written as

N1 Ns R
Z Z N N. o AT meaTer®I
E{ <n1) <m2) (—1)ntme= (At o e }

n=1 m=1
>

-~

T2(p,71,72)

(B.11)

Concentrating on the second term of the numerator Ys(p,71,72), it can be noticed
that the term exp(—r? (ng]_:}/]_f_‘_mCQ:}/Q[)) is the joint Laplace transform of both I and
I evaluated at (n(179%1, mCar®ds). The reason is that both I and I have now different
channel fadings but with the same point process ®, so they must be jointly evaluated.
Now, define ®; and ®, as the point process in the region from b(0,7;)(b(0,7x)
such that ® = &y J P4, where b(0,2) denotes a circle of radius x centred at the
origin, thus, ®, represents the point process consisting of K BSs participating in
coordination. Let I; and [k denote the aggregate interference over subband w,. from

BSs in ®; and ®,, respectively.

The joint Laplace transform Z(si7{, sor¢) denotes as Q(ry, p, s1, S2) is evaluated as

follows

= E{exp(—s17{1 — sor{ 1)}
= E{exp(—sir$ Y gy — s Y giri )}

1€Py 1€dy
2 E{exp(—slrf‘ Z gir; ¢ — sory Z gir; ¢ — sor{’ Z giri_a)}
i€Py €Dy 1€Py
b o —« Qh «a o
L u{ T &a{oxnsartar) f 1o{ T B {emn(srtar - st}

iE@d 1€Do
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c 1 1 1
S0 e — T
1+ sorir; @ o 14 sorgr, @ 14 syr9r; @
7 2

7

1€dy
TK 1
< exp( — 27r)\/ (1 — —)le/)
" 14 sorfv—
> 1 1
X exp( — 27r)\/ (1- X )VdV) (B.12)
- 1+ sorfv=a 1+ 519~

In (a), the interference terms I; and [ are separated in order to jointly evaluate the
Laplace terms of I and Ik as they belong to the same point process ®. In (b), the
Laplace of product is equal to the product of Laplace transforms of each part due
to independence between disjoint regions. (c) stems from evaluating the expectation
of channel fading. (d) stems from applying PGFL property. Then by substituting
rx = 11/p, de-conditioning on 71, and conditioning on p, To(p,J1,J2) is obtained as

in (4.11).

The first term in numerator Y;(p,7;) can be evaluated similar to (B.7) where the

Laplace term is given by:

. nclﬁlr?f

Ei{e ™ 7} = exp(—27\¢(s3)rk) (B.13)

where 9(.) is given by (4.6), and s3 = np®(;7y;. By substituting rx = r1/p, condi-
tioning on p, and de-conditioning on r1, T1(p,71) is deduced as in (4.10).

Similarly, Z, can also be evaluated in a way similar to that of Appendix B.2.

B.5 Proof of Corollary 4.2

First, the PDF of p is needed, which can be derived using the following lemma.
Lemma 2 : The PDF of the ratio of the distance between a typical user at the origin
T1

and the serving BS over the distance to the K'th BS, i.e. p = rL, is given by:

K

folm) = 2(K — 1)2(1 — 2?)K2 (B.14)
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The proof is as follows: starting from the distribution of ¥ = ’;—11‘ given by eq. (15)
in [124] as

P(Y <y) =(1-1/yH)"" (B.15)

Let g(y) = 1/y, then we have g7 '(z) = 1/x, and p = X = 1/Y. By apply-
ing the chain rule of PDF transformation given as: f,(z) = fy (97" (2))|-Lg ' (2))],
where fy (g7 (z)) = 2(K —1)(1—2?)%22% and |-Lg7(z))| = 1/2?, the (B.14) follows

immediately.

The expectation with respect to p can be approximated by Gaussian-Hermite quadra-

ture given by [105]:

/0 xkf(x) 2 anf(xn) (B.16)

Plugging the results in the main expression yields (4.13).

B.6 Proof of Proposition 4.4

A user with SINR > 4, on the subband w, is considered as an inner region user and
served via CBF, i.e., its serving BS coordinates towards A outer region users served
by other BSs, however, the other BSs do not coordinate toward it. Thus, the user
experiences a new small-scale channel fading, i.e., g, with a parameter Ny = N; — A,
while the interference given by I = .o /{BS1} Pg;r;“ remains unchanged. The
CCDF of the inner region user Picon (71, Y2, A) is conditioned on its previous SINR

as follows:
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Pg,r7®  _  Pgori®
PICOM,z(’_h,’_Vz,)\):P< Jol > | 9o >’V2> (B.17)

o241 o241
Pgori® _ _ Pgory® _ _
P > >
(0_2 + ] 1, 0_2 + I Y2

(B.18)

Pgorl_a _
P >
( o2 +1 72)

Note that I is the interference field calculated from ;. Hence, the BS will coordinate
its transmission toward A users belonging to other cells, while its user is exposed to
the whole interference field, i.e. no coordination toward it is implemented. Following
the same steps of the Proof of Proposition 4.2, the expression of Picom,i (71,72, A) can
be derived as follows:

n¢1317% (02 mCo5or® (a2
E{ ZNl (Nl)(_l)n—klef%(m ZNQ (NQ)(_l)m+1e,<272+<+I)

n=1\n m=1 \m

} (B.19)

<

moyar{ (o2+1)

S EE———

The numerator term in (B.19) can be evaluated as follows:

N1 Nso
N Ny neem (e + 1) (n¢y 1 +mCT0)
{35 (%) () o psmst]

n=1 m=1

Nl N2 T‘O‘ch n¢1y m¢o7y r§(néq T m¢o7y
_ Z Z (Nl) (NQ) (_1)n+m6_ 1o C1“}/)1+ Cz’vz)]EI{e_ 1 (n¢ 1;- Cz’vz)l} (B20)
n m

n=1 m=1

Following the same steps of evaluating the Laplace transform for both numerator and

denominator and de-conditioning on r; as in Appendix B.2, (4.14) yields.

B.7 Proof of Proposition 4.5

A user with SINR < 45 on the subband w, is considered as an outer region user

and allocated subband w,. Its serving BS will coordinate toward A — 1 users (when
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A =1, it transmits using MRT with full diversity), while the other BSs coordinate

toward it. Thus, the user experiences a new channel fading, i.e. g, with a parameter

.....

CCDF of the inner region user, Picom,.e(71,72, A), is conditioned on its previous SINR

and can be written as:

L Pgori® _ _ Pgory®
Picosme(31, 92, \) = P — > < B.21
1con.e (V15 Y2, A) (02 Iy M | o211 72 ( )
Pgori® _ _ Pgori® _ _
P ~ > <
(02 + [ Y1, 0_2 n ] 2

(B.22)

Pg,ri®
P <%
( o2 +1 72)
Following the same steps of deriving coverage probability in Proposition 4.3 and

Corollary 4.2, Picom.e(71, 72, A) can be obtained.

B.8 Proof of Proposition 4.6

Staring from the fact that E{X} = [ P(X > t)dt, for positive X, the average rate

of IMOC scheme can be expressed as

_ Pg,ri®
Rrvoce = E{ln(l 4 9 )} (B.23)

o241

) P,
_ / e—m]E{ln(H 901 )}27?)\r1dr1 (B.24)
r1>0 g +‘[

By considering the upper bound of coverage probability as in the Proposition 4.2 and

conditioning the outer region user’s SINR on the previous one, we have:

EIMOC,@ < 27T/\/

r1>0

e / P(x)dtr dry (B.25)
>0
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where

Pgori®
P <
( o241 72)

S / PIMOC,e(et - 17 5’27 )‘)dt
t

>0
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